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Summary 
 
Project introduction 
For organizations, controlling and improving the quality of products and services is of great 
importance. The method of quality control employing statistical techniques to monitor and 
control a process is Statistical Process Control (SPC). Moreover, the most essential aspect of 
implementing SPC is control charting. This thesis research considers control charts used for the 
monitoring of complaints at a Dutch healthcare organization. 
 
The complaints received by the organization are coded based on a variety of levels, organizing the 
information. Accordingly, the codes are monitored with the use of control charts, in an attempt to 
identify structural problems. Control charts inspect if the number of complaints on the codes is 
stable or if changes have occurred over time. When these changes are significant, the control chart 
gives a signal, indicating an irregular pattern or ‘trend’ in the data. However, as strict regulation 
exists for the handling of the complaints by the organization, the structure used to code the 
complaints focuses solely on safety, making it difficult to identify quality issues. Moreover, the 
current control charts often lag behind trends and do not provide sufficient information to locate 
a specific problem.  
 
Therefore, the main research problem is defined as follows: 
“How can – by improving the control charting technique of a healthcare organization –earlier and 
more meaningful trend detection be achieved?” 
 
Research methodology 
The thesis research is performed using quantitative analysis methods. Qualitative insights are 
used to derive meaningful and comprehensible explanations of the methods’ contexts. Solution 
directions are inspired by existing literature, while exploratory data analyses and statistical 
models are constructed empirically. The research methodology is based on the design-science 
paradigm of Hevner et al. (2004). An understanding of the environment, defining the problem 
space of the research, is gained through analyzing the performance of the control charts used by 
the organization and interviewing the relevant people. Based on this, the main problems are 
mapped. Accordingly, to get an understanding of the potential solutions, literature is studied, 
generating a knowledge base upon which to design the solution or ‘artifact’, as defined by Hevner 
et al. (2004). Based on the business needs and applicable knowledge, derived from the steps listed 
above, the artifact for this thesis research is determined to be a process model for the selection 
and refinement of control charts. By generalizing the results found during the analyses of the 
complaint data of the organization, the process model is applicable to any situation.  
 
Tentative artifact design and evaluation 
A tentative artifact design is constructed based on the gathered knowledge base. The tentative 
artifact design consists of six key considerations for control chart selection, namely whether the 
data is multivariate or univariate, attribute or variable, count or classification, based on an equal 
or varying area of opportunity, is IID or auto-correlated, and follows the probability distribution 
as expected by the founder of control charts, Walter Shewhart (1924). By inspecting the 
considerations one by one for the total number of complaints of the organization, the tentative 
artifact is further developed and improved. Accordingly, an understanding of the characteristics 
of the data is gained, which is required to select an appropriate control chart. The complaint data 
of the organization is determined to be univariate, attribute, count data with a varying area of 
opportunity. Moreover, the data is best modeled by the negative binomial distribution and the 
amount of auto-correlation is negligible.  
 
The next step of the control chart selection process is to construct and evaluate the control chats 
that fit the identified data characteristics. Moreover, the optimal settings for the distance of the 
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control limits and the frequency of the complaints to be counted for the control chart are 
determined. However, evaluation of the initial control charts proved that the tentative artifact is 
incomplete and, therefore, the negative distribution, providing the best fit, does not result in an 
appropriate control chart. This is resolved by selecting the Poisson distribution instead, as 
proposed by theory. Based on the Poisson distribution, three control charts are constructed and 
evaluated, namely the U-, EWMA and CUUSM chart. Based on the performance tests, the 
combination of the Shewhart U-chart and CUSUM chart proves to perform best. As the Shewhart 
chart detects large, sudden trends and the CUSUM chart smaller, steadily growing trends, the 
combination detects both kinds of trends early on. Moreover, with the CUSUM chart, the beginning 
of a trend can easily be determined, providing valuable information for the organization to act 
upon. Since the artifact is designed for the total number of complaints, and the organization is 
especially interested in the complaints on specific codes, a set of guidelines are provided on the 
implementation of the control chart selection process model for the other datasets.  
 
Final design 
Based on the analyses performed to design the artifact, it is found that two control charting 
phases, with each very different applications and objectives, are crucial to consider. For Phase I 
control charts, ‘raw’ process data is available representing an out-of-control process. This is also 
the case for the complaint data of the organization. Accordingly, when a distribution is fitted to 
this data, the resulting control chart allows for too much data as distribution is trained to see the 
process as in-control while it contained many trends. Because in the thesis research the 
distribution are fitted to out-of-control data, the supposedly best performing distribution, being 
the negative binomial distribution, did not provide a good option in practice. To clean the dataset, 
a basic Shewhart control chart is to be constructed on a set of observations. Accordingly, the trend 
signals resulting from the chart are to be investigated and removed from the data and the control 
limits of the control chart are re-calculated. Re-iterating this process, re-constructing the control 
chart based on cleaner and cleaner data, finally results in a stable process of in-control data. Next, 
in Phase II control charting, this data can be used for distribution fitting, as proposed by the 
tentative artifact. As the distribution and control limits are already known at this point, any new 
observation can immediately be plotted on the control chart, instead of having to wait to gather a 
large enough set of data to perform statistical analyses on.  
 
Conclusions and recommendations  
The selection and construction of the Shewhart U- and CUSUM chart can be considered as an 
effective, working prototype of the final process model for control chart selection and refinement, 
described in the paragraph above. Successful implementation of the model leads to the 
appropriate selection of an initial control chart for bringing the process in statistical control 
(Phase I control charting), and accordingly, for guiding the improvement of the dataset to allow 
for a more sensitive, advanced control chart development (Phase II control charting).  
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1. Introduction 

Quality is a competitive advantage. Hence, controlling and improving quality has become an 
important business strategy for many organizations. Many statistical methods and other problem-
solving techniques exist to improve the quality of the products, being manufactured goods as well 
as services, used by our society. The most predominantly used method of quality control is 
Statistical Process Control (SPC), which employs statistical techniques to monitor and control a 
process (Montgomery, 2009).  
 
For healthcare organizations, which operate in a high-risk environment, quality is of even greater 
importance. Hence, complex regulatory requirements exist to ensure that the processes are in 
control and that at all possible risks associated with the product are identified and adequately 
addressed (M. Cheng, 2003). In order to comply with regulation, healthcare organizations have 
developed comprehensive systems to obtain reports of customer complaints, process failures and 
any unfavorable and unintended medical product behaviors, termed adverse events. Monitoring 
this information can potentially identify new, real risks. Accordingly, more specific, thorough data 
collection and analysis can be performed to investigate the events, take appropriate action, and 
prevent further harm (Dart, 2009). 
 
This research project is performed at Philips HealthTech, a diversified health and well-being 
company that excels at combining innovative technology with healthcare. The focus of this project 
is the most essential aspect of the SPC strategy, namely control charting.  
 
The following paragraphs introduce business specific terminology, explain the company 
background, and announce the formal problem statement, research questions, research 
motivations, and methodology. Hereafter, the outline of the thesis is provided.  
 

1.1  Company background  
Philips HealthTech is a leader in diagnostic imaging, image-guided therapy, patient monitoring 
and health informatics, as well as in consumer health and home care. Philips’ health technology 
portfolio generated 2016 sales of €17.4 billion. The multinational workforce consists of 
approximately 73,000 employees in more than 100 countries worldwide. The company’s product 
portfolio includes CT scanners, ECG equipment, mammography equipment, monitoring 
equipment, MRI scanners, radiography equipment, resuscitation equipment, ultrasound 
equipment, molecular imaging devices, X-ray equipment, and more. 
 
The Magnetic Resonance (MR) business of Philips has a product portfolio consisting of several 
MRI systems with varying field strengths and settings. An MRI scan uses a strong magnetic field 
and radio waves to generate images of parts of the body that cannot be seen as well with X-rays, 
CT scans or ultrasound. To ensure product quality, speed up approval timelines, and fully comply 
with regulations, the MR Quality & Regulatory (Q&R) department was established. A part of MR – 
Q&R is the Complaint Handling Unit (CHU), which is responsible for handling all customer 
feedback. Customer feedback includes adverse events or incidents, privacy or security issues, 
complaints, enhancements, compliments, and other comments. An organizational chart of Philips 
HealthTech is presented in Appendix A. 
 

1.1.1 Complaint Handling Unit  
The CHU is the designated unit for receiving, reviewing, and evaluating all complaints submitted 
to MR. Most importantly, the CHU has to be alert as each complaint may indicate a potential safety 



2 
 
 

and/or quality issue with the product. They are responsible for fulfilling all legal requirements 
related to the handling of complaints and triggering a recall if required; preventing issues from 
happening to other customers. A simplified overview of how the complaints that are accepted by 
the CHU are handled is presented in Figure 1, which is derived from the ‘Complaint Handling 
Training Guide’ (Philips, 2017). The complaint handling process is explained in more detail in 
Appendix B. 
 

Evaluate complaints
Investigate 
complaints

Create report

Close complaints

Evaluate process 
execution & identify 

improvement 
opportunities

Further 
investigation 

required? 

Required to 
report to 

authorities?

TrackWise

TrackWise

 
Figure 1: Complaint Flow (Philips, 2017) 

 
Currently, all complaints are coded to ensure proper handling and documentation. The 
comprehensive coding system captures the primary customer complaint, and, after thorough 
investigation is completed, the cause for failure. This way the data can be recorded in the software 
program TrackWise (TW), generating a large database of input for risk and statistical analysis.  
 

1.1.2 Complaint coding and trending 
The coding structure consists of two types of codes – symptom and failure – to categorize the 
information of a complaint. Both code types consist of three levels, hence, each complaint is coded 
on six levels. The primary focus of the coding structure, and therefore of the CHU, is on injuries or 
other safety events. The code structure is discussed in more detail in paragraph 2.1. 
 
Complaint trending, i.e. the monitoring of the complaint codes with the use of control charts, is 
performed each quarter to identify possible product problems and/or safety risks. Shewhart P-
charts are used when feedback is related to the complete installed base, as P-charts monitor the 
proportion of complaints to the total amount of MRI exams in a certain time period. Shewhart I-
charts are used when feedback is related to a specific subset of the MRI, in which case the 
subgroup size is unknown. Inspection of the control charts will identify cases where the data 
triggers one or more of the control chart tests. All control chart signals are discussed in a board of 
experts to decide if structural problems exist and if follow-up actions are necessary. The trending 
procedure is discussed in more detail in paragraph 2.2.    
 

1.2 Problem definition 
SPC methods provide objective means of controlling quality in any process. Every product 
possesses a number of elements that jointly describe what the user or customer thinks of as 
quality. These parameters are often called quality characteristics. SPC is a strategy for ensuring 
that the quality characteristics of a product are at the normal levels and that the variability around 
these desired levels is minimum (Montgomery, 2009). 
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Within the CHU, the quality of the MR systems is monitored by inspecting the inflow of complaints. 
The complaints are coded on different levels indicating the (cause of) harm. Hence, the code levels 
embody the quality characteristics to be trended. However, the coding structure primarily reports 
on the features causing the harm, and not necessarily on the product defect or unintended 
behavior, as it is designed for safety compliance and not for quality improvement. The result is 
that the trending procedure is of less use to the business or customer, making it a time-consuming 
activity that does not result in any direct benefit. The problem situation and the root causes are 
inspected in more detail in Appendix C.  
 
The objective of this research is to improve the trending procedure so that, while maintaining 
safety compliance, it is of added value to the business and customer. Added value is achieved by 
gaining information from the trending procedure by which pro-active measures can be taken, 
leading to early redressing of trends and prevention of incidents/complaints inflation. In other 
words, structural product problems should be identified early on to enable the improvement of 
the product and eventually less future complaints.  
 
The main research question is formulated as follows:  
“How can – by improving the control charting technique of a healthcare organization –earlier and 
more meaningful trend detection be achieved?” 
 

1.3 Research questions 
To come to a solution to the problems identified in the problem situation (see Appendix C) and to 
find an answer to the research question, a structured set of sub-questions is needed. For each 
research question that is defined, a short explanation is provided explaining how answering it 
contributes to finding a possible solution.  
 
Sub-question 1: How is the current trending procedure carried out by the organization? 
To fully understand the problem and to determine how the trending procedure can be improved, 
it needs to be clear how trending is currently done at the CHU. This stage critically inspects how 
the control charts are currently designed and used, how often trends are detected and when it 
leads to follow-up action. This sub-question is answered in Chapter 2. 
 
Sub-question 2a: How can a set of appropriate control charts be selected based on the data?  
Many different types of control charts exist, each fitting best to a specific type of situation. The 
situation depends on the organizational process under investigation, which is characterized by 
the data it generates. The control charts existent in the literature and the assumptions they 
require the data to meet should be examined and compared. Based on these findings and the 
characteristics of the complaint data of Philips, a set of appropriate control charts is to be selected. 
This sub-question is answered in Chapter 3, 5, and 6. 
 
Sub-question 2b: How can the design parameters of the selected control charts be optimized? 
The performance of the selected control charts not only depends on their fit to the data but also 
on the control chart design parameters or settings. Questions such as “How much data should be 
monitored?, “How sensitive should the control chart be to changes in the data?”, and “How often 
should the control chart be plotted?” are to be answered in this step. This sub-question is 
answered in Chapter 6. 
 
Sub-question 3: How can the performance of the selected control charts be measured and evaluated? 
The objective of this sub-question is to compare and measure the different control parameters 
and design options. The optimal control chart can be selected by measuring the performance 
against a set of quantitative measures, identified from literature and requirements stated by the 
organization. This sub-question is answered in Chapter 6. 
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Sub-question 4: How should the organization apply the selection technique to find appropriate 
control charts for the various situations that require monitoring?  
Finally, recommendations are given to guide the organization in the selection of control charts in 
new situations. Several data examples and corresponding control charts are discussed and a set 
of rules is set out to describe the steps to be taken when selecting a control chart. This sub-
question is answered in Chapter 6 and 7.  
 

1.4 General research approach 
In this chapter, the approach for this research will be explained. However, at this point, little about 
the complaint handling and trending procedure is known. Therefore, only a general approach for 
the research can be provided. After thorough study of the existing literature and situation at 
Philips, a more detailed methodology can be defined. In the next paragraphs, the regulative cycle 
of  Van Strien (1997) and the general approach of the thesis project based on the relevant parts of 
the regulative cycle will be discussed. The detailed research methodology, based on the design-
science paradigm introduced by Hevner, March, Park, & Ram (2004), is presented in Chapter 4.  
 

1.4.1 Regulative cycle 
According to Van Strien (1997), this research can be defined as a Business Problem Solving (BPS) 
project. BPS projects are undertaken to improve the performance of a certain business system or 
organizational unit. According to Aken & Berends (2017) “it should ultimately impact the profit of 
a company, but usually the actual objectives of a BPS project are of a more operational nature, 
related to the effectiveness and/or efficiency of operational business processes”. The classic 
problem-solving cycle as elaborated in the regulative cycle can be followed to tackle the BPS 
project. The regulative cycle, given in Figure 2, consists of three parts:  
1. A design part, consisting of the problem definition, analysis & diagnosis, and plan of action;  
2. A change part, consisting of the intervention;  
3. A learning part, consisting of the evaluation.  
 
The dotted plane in the figure illustrates the part of the regulative cycle used in this research. 
 

Problem 
definition

Set of 
problems

Analysis and 
diagnosis

Plan of 
action

Intervention

Evaluation

 
Figure 2: Regulative Cycle (Van Strien, 1997) 
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1.4.2 General approach  
This research will focus on the first three steps of the regulative cycle, as can be seen in Figure 2. 
First, the problems perceived by the stakeholders are gathered via interviews and the company 
documents are studied to get a grasp of the situation at hand. Accordingly, after thorough 
orientation, a key business problem is selected from this ‘problem mess’.  
 
The second step is the analytical part of the project, including analysis and diagnosis. According 
to Aken & Berends (2017), the purpose of this step is “to validate the business problem, explore 
and validate the causes and consequences of the problem, and to develop preliminary ideas about 
alternative directions to solve the problem”. Hence, information is gathered to identify problem 
symptoms, causes, and consequences and to support the analysis of the problem. Both qualitative 
and quantitative methods are needed to get specific knowledge of the context and nature of the 
problem. Qualitative methods include interviews with relevant employees of the company. The 
performance of the trending procedure is evaluated and the results are critically inspected. 
Consequently, to solve the business problem, the existing literature is used to get a range of 
solution concepts. From this range a set of appropriate solutions are studied in detail, tested and, 
based on these results, one is chosen and redesigned to fit the specific problem and its context.  
 
Finally, during the plan of action, the solution to the problem and the associated change plan are 
constructed. The aim of this step is to choose a solution design. 
 

1.5 Thesis outline 
The following chapters cover details on the current situation (Chapter 2), theoretical background 
of this thesis research (Chapter 3), research methodology (Chapter 4), inspection and analysis of 
the key considerations for control chart selection (Chapter 5), control chart construction and 
evaluation (Chapter 6), process model for control chart selection and refinement (Chapter 7), and 
conclusions and recommendations (Chapter 8).  
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2. Current situation 

To get a better understanding of the trending process, its strengths and weaknesses, the current 
situation is inspected. The first paragraph of this chapter describes the code structure. As trending 
is based on the complaint codes, it is important to understand the code structure and the kind of 
information the codes contain. The second paragraph describes all steps that are performed each 
quarter to generate the trend reports. Finally, to examine the trending procedure in more detail, 
the trend results over five years, from 2013 up to and including 2017, are aggregated in the third 
paragraph of this chapter. Insights are gained on the number of trends that result from the 
procedure, the kind of signals the control chars produce, how often an indication of a trend 
actually leads to follow-up action, and on what codes the trends occur.  
 

2.1 Code structure 
Complaint coding connects a set of pre-defined characteristics to a complaint to enable 
aggregation of the data and, in turn, trend analysis and evaluation of the processes. The complaint 
structure is not MR-specific but is designed for use throughout all of Philips. As already briefly 
explained in Chapter 1, the current code structure consists of two code types: symptom and 
failure. As both code types have three levels, all complaints are coded on six levels.  
 
To select the appropriate symptom code, a decision tree is used that results in the complaint being 
either a ‘Direct Risk, ‘Indirect Risk’ or ‘No Hazard/No Harm’. ‘Direct Risk’ and ‘Indirect Risk’ are 
selected when the complaint concerns a situation in which the system intended performance is 
affected and this caused a (possibility of) a direct harm. ‘No Hazard/No Harm’ is selected when 
the complaint is not related to any (potential) harm. Based on the complaint type resulting from 
the decision tree, the appropriate symptom code levels can be selected. An overview of the 
symptom code structure is presented in Table 1.  
 

Code type Code levels Definition Code example 
 
 
 
Symptom 
Indirect risk 
Direct risk 

1. Hazard Source of the (potential) harm. Loss of functionality 
 

2. Hazardous 
situation 

Circumstances in which the 
complainant(s) is/are exposed to 
one or more hazards.   
 

Entrapment; pinching 
 

3. Harm The physical injury or damage to 
the health of people or damage to 
environment that occurred.  
 

Fracture bone 
 

 
 
 
 
Symptom 
No hazard/ 
harm 
 
 
 
 

1. No hazard Source of the issue; the (non-
hazardous) event that occurred. 

No hazard: no parts 
replaced 
 

2. Non-
hazardous 
topic 

Circumstances of the event in 
more detail.  

Network issue 

3. Satisfaction Customer satisfaction grading to 
classify the impact of the event on 
the customer.  

Four options: 
1. like to have 
2. no effect 
3. inconvenience 
4. dissatisfaction 

Table 1: Symptom code structure 
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After investigation of complaints is finished, the cause is coded via the failure codes. In case no 
cause was found, this is coded as well. Failure codes can be incident, hardware, software, or 
process related. The first two levels of the failure codes are correlating; the third is a standalone 
code. The third level code can be chosen out of a set of 18 codes, which is the same for all failure 
types. The failure code structure is presented in Table 2.  
 

Code type Code levels Definition Code example 
 
 
 
 
Failure 
 
 

1. Failure code The subsystem/functional 
areas/process by which the 
failure was caused.  
 

Sense body coil 

2. Failure code 
detail 

The specific cause and 
circumstances of the event. 
 

Heating sensation 
 

3. Failure 
monitoring 
codes 

Failure mode at a higher 
abstraction level.  

Testing 
 

Table 2: Failure code structure 

 

2.2 Trending procedure 
The trending process, which is already shortly described in Chapter 1, consists of many (in)formal 
steps and decision points. In coordination with the trend analyst of the CHU, a flowchart of the 
process is created. The flowchart maps all activities, the associated input that is used, and the 
output that is generated in the process. After finalization of the flowchart, the CHU manager 
validated the model by providing final comments. The flowchart of the trending process is 
presented in Appendix D.  
 
The trending process starts with an orientation phase in which all the complaint data is collected 
and presented. TW contains a lot of information per complaint and from its database, the CHU 
members can select what data they want to export for analysis purposes. Examples of information 
stored in TW are the product/software the event occurred on, a short description of the failure, 
the date the complaint was created and closed, and the symptom and failure codes. 
 
After exporting the data, several graphs are created providing general overviews of the complaints 
over time. The general overviews that are most often used in the trending process are:  

- Incoming complaints 
The amount of incoming complaints over time, based on software release or on product 
type, provides a great overview of any changes in the total number of complaints and 
changes related directly to a software or product type.  

- Time to create a complaint in TW 
The time it takes from a complaint, occurring in the field, to be submitted in TW, provides 
an overview of the proportion of complaint cases that are created too late. Especially for 
safety complaints, it is important to monitor the time it takes for complaints to be created. 

- Reportable complaints 
The reportable complaints received over time are presented in the trend report to enable 
review and discussion of all serious incidents. A complaint is reportable when it 
reasonably suggests that a device is associated with death or injury; or has malfunctioned 
and could be associated with death or injury if the malfunction were to recur. 

 
Consequently, the categories to be trended are determined. Most importantly, the top 10 
complaint categories per symptom and failure code are assessed. In addition, the trend of 
reportable complaints is evaluated to check if this category remains within an acceptable level 
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over time. Coils and systems with reportable complaints can also be inspected. These additional 
trend categories differ per trend report as the trend analyst determines each quarter which 
categories are relevant at the time. Furthermore, as in complaint handling every safety-related 
complaint is linked to a hazard in the Risk Management Matrix (RMM), the top 10 hazards linked 
to complaints and the hazards linked to reportable complaints are trended. This link to risk 
management is required by safety regulations. When there is a difference between the seriousness 
of the risk of the reported case and the risk profile as documented in the RMM, a Post Market Risk 
Assessment (PMRA) is initiated. The PMRA process is intended to identify new risks or changes 
to existing risks in MR products and update the RMM if needed.  
 
At this point in the process, the complaint data is ready for control charting. For the above-defined 
trend categories, one of two types of control charts are created, namely  

1. P-charts 
P-charts plot the fraction of complaints relative to the total number of exams performed 
in the concerning time period. The proportions are plotted as each MRI exam provides an 
opportunity for a complaint and the number of MRI exams performed changes per time 
period. A P-chart can only be used when the trend category is related to the complete 
installed base, which is the case for most trend categories. 

2. I-MR-charts 
I-MR charts are a combination of an I-chart, which plots single complaints over time, and 
an MR-chart, which plots the variation between one data point and the next. An I-MR-chart 
is used when the trend category is related to a specific subset of the MRI, for example coils, 
in which case not every MRI contains the subset and the proportion cannot be plotted. 

 
After the type of control chart is determined, the control limits are calculated and the control chart 
is plotted. If the complaint data contains one or more points falling outside the control limits, a 
trend is identified. In addition, tests for special causes, discussed in Appendix E, can be added to 
improve the sensitivity of the control charts. In this case, a trend also occurs when one or more 
tests for special causes are triggered by the complaint data. Accordingly, all identified trends are 
reviewed by a board of experts to decide whether follow-up action is required. Follow-up action 
can be small, such as feedback to a specific department, but is most often a large Corrective and 
Preventive Action (CAPA) investigation to determine the root cause of the identified trend. Finally, 
all information gathered during the trend analysis is recorded in a trend report. 
 

2.3 Analysis trend reports 
In order to gain a better understanding of the current situation, the trend reports from 2013 to 
2018 are used for the analysis. In total, 20 trend reports were generated containing 145 trends. 
In the next sub-paragraphs, the tests that led to a trend signal are inspected, the action resulting 
from the trends are examined, and the codes on which the trends occurred are evaluated.  
 

2.3.1 Tests for trend detection 
In the period from 2013 until 2018, the CHU detected on average seven trends each quarter. All 
trends detected in a quarter are reviewed to determine whether follow-up action is needed. This 
review can be very fast in determining no follow-up action. For example, a trend detected by the 
LCL can be explained right away because not all the complaints in that category are coded yet, 
causing only a few complaints to be recorded in the quarter. On the other hand, a thorough 
investigation might be needed to explain a significant in- or decrease in a specific complaint code.  
 
Of the total 145 trends identified by the CHU, only 24 led to follow-up action (16.6%). Of the 73 
trends detected by the UCL, 18 resulted in action (24.7%). Of the 70 trends detected by the LCL, 
only six resulted in action (8.6%). Finally, one trend was detected by the second test for 
nonrandom variation – nine consecutive points below average – and one trend was detected by 
the third test for nonrandom variation – six consecutive lowering points. Both trends detected by 
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the additional tests for special causes did not result in action. An overview of the tests for special 
causes, the number of detected trends, and the decision on follow-up action is shown in Figure 3. 
 
 
 
 

 
 
 
 
 
 
 
 

Figure 3: Tests detecting trends & follow-up action (2013-2018)   

 

Inspection of the trend reports shows that most of the trends do not lead to follow-up action. 
Especially trends detected by the LCL are often not acted upon. This can be explained by the nature 
of the data, i.e. when a point falls below the LCL, the number of complaints is lower than average, 
which is regarded as a positive change.  
 

2.3.2 Follow-up action 
After a trend is detected, a board of experts decides whether or not follow-up action is deemed 
necessary. When this results in no action, the rationale for deciding so is described in the trend 
report. When it is decided follow-up action is needed, the type of action is described in the trend 
report. However, the descriptions differ per detected trend, ranging from short and ambiguous to 
long with much detail, making it difficult to interpret and draw meaningful conclusions from them. 
Therefore, all descriptions have been categorized. 
 
There are only a few different types of action during 2013-2018. The most common type of action 
is the initiation of further investigation to determine the root cause of the trend. This can be a 
PMRA when it relates to the risk profile, a CAPA, or other types of investigation. Another frequent 
type of action is to review a procedure for potential improvements or to reiterate an existing 
procedure to personnel to ensure correct execution. Finally, three trends are recorded to have 
follow-up action but no information is provided on the type of action. An overview of the type of 
action as response on a trend is provided in Figure 4. 
 

 
Figure 4: Types of action after following up on a trend (2013-2018) 
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As already stated, for each decision of not following up on a trend, argumentation of why action is 
not deemed necessary is provided. Based on the description of these rationales for no action, 
seven categories have been created. An overview of the categories is presented in Table 3.  
 

Rationale for no action  Description  
Not all cases coded yet  Not all complaints received in the quarter being trended are coded 

yet. This causes a low amount of complaint being available for 
trending, which triggers the LCL.  
 

No info provided  The trend and decision of no action are recorded in the trend report, 
however, no additional information is provided on why action is not 
deemed necessary.  
 

Action earlier trend 
analyses ongoing  

The trend has already been detected in a previous trending process 
and action is ongoing.   
 

Too few observations  There are too few complaints recorded in the concerning quarter, 
causing the control chart to contain many zeros. Therefore, a single 
complaint occurring within the trend category triggers the UCL. 
 

Already solved  The trend identified is a problem known within Philips and a 
solution is already (being) developed.  
 

Wrongly coded  1. Complaints are wrongly assigned to the concerning code, causing 
it to contain too many complaints. This results in an UCL signal. 
 
2.  The use of the concerning code is changed, requiring either more 
or fewer complaints to be coded on it. This results in an UCL or LCL 
signal, respectively.   
 

Site specific  The trend is only observed at one MR site, indicating a problem to 
be solved at that location instead of a structural issue requiring 
further investigation and formal follow-up.  

Table 3: Categories of rationales for no follow-up action after trend detection 

 

A graphical overview of the occurrences of the rationales for no action is presented in Figure 5.  
 

 
Figure 5: Rationales for no follow-up action after trend detection (2013-2018) 
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Figure 5 reveals several problems. First, as already identified in the problem situation, action on 
trends is quite slow. This results in trends going on for multiple quarters before the issue is 
resolved, which is the case 18.3% of the time. Another large reason for trends not to be acted upon 
is that when the complaints are trended, often not all complaints are coded yet. This causes the 
control chart to contain fewer complaints than expected, resulting in a LCL signal. Finally, a few 
trend categories, such as reportable complaints or hazards linked to reportable complaints, only 
contain a few complaints each quarter. As the control limits are calculated based on the mean of 
the data, a low average amount of complaints in a trend category results in very low control limits. 
This causes a single complaint to immediately trigger the UCL, resulting in a trend signal that is of 
no use to the CHU.  
 

2.3.3 Codes containing trends 
Finally, the codes the trends occur on are inspected. In the period of 2013-2018, most trends are 
detected on first level failure codes (51.0%). Symptom codes contain 26.9% of the trends, hazard 
codes 18.4%, and the rest of the trends occur on systems or coils. More interestingly, the trends 
occur on a small number of codes and many codes contain multiple trends. On symptom codes, 39 
trends are detected. The five symptom codes with the highest number of trends are 1) ‘6NH01’, 
2) ‘1OP03’, 3) ‘6NH04’, 4) 2EN13/2EN09, and 5) 1OP06. On failure codes, 74 trends are detected. 
The top five failure codes containing trends are 1) ‘Enhancement request’, 2) ‘Could not 
determine’, 3) ‘Patient Handling’, 4) ‘Acquisition & Control – SW’, and 5) ‘No cause found’.  
 
Trends reoccurring on several codes could indicate that the trends are solved slowly and therefore 
the same issue keeps being detected on the code for a series of quarters.  Another reason could be 
that the codes contain too many (different kinds) of complaints; generating large code ‘bins’ in 
which trends keep on being found. To further inspect the problem, the largest symptom and 
failure codes are inspected. The five symptom and failure codes with the highest average number 
of complaints per quarter are presented in Figure 6. In addition, on the right axis, the proportions 
of complaints per code relative to the total complaints is provided. 
 

 
Figure 6: Top first level symptom and failure codes (2013-2018) 

 

Figure 6 shows that only a few codes contain the majority of all complaints handled by the CHU. 
More specifically, 51.3% of the trends detected occur on the five largest failure and symptom 
codes. Because too many complaints are trended on only a few codes, there is much variation 
present in the control charts and the control limits are often exceeded. However, it is difficult to 
solve this issue with a redesign of the trending procedure, as it is caused by the code structure.  
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3. Theoretical background 

This chapter presents the most relevant findings from the literature review, conducted at the start 
of the thesis. The focus of the literature review was to gain an understanding of the purposes 
complaint handling serves and the manner in which the data can be aggregated and statistically 
analyzed to detect areas for improvement. Based on all information gathered in the literature 
review, two conceptual frameworks have been constructed. The key findings and conceptual 
frameworks from the literature review, first for complaint handling and accordingly for complaint 
analysis, are discussed in the paragraphs below. How the conceptual frameworks relate to the 
thesis research and the problem defined within Philips, is discussed at the end of this chapter.  
 

3.1 Complaint handling  
A customer complaint is defined as negative customer feedback and is a result of customer 
(dis)satisfaction (Bell, Stefani, & Mengüc, 2004; Lee & Shu, 2001). The management of complaints 
and recovery of customers, i.e. dealing with them after a service failure, has gained increasing 
attention in literature and has been identified to be essential to an organization’s customer service 
strategy (Johnston & Mehra, 2002). In addition, complaints provide organizations with valuable 
knowledge about products or services and it should, therefore, be seen as a marketing asset, 
rather than a nuisance or a cost (Barlow & Moller, 1996). Especially in a high-risk healthcare 
environment, it is important to recognize this value. This paragraph presents an overview of 
studies on the value that complaints hold and the functions a firm’s complaint management should 
entail to extract this value.  
 

3.1.1 Customer relations  
The response of an organization to a complaint, termed service recovery, is defined as the process 
by which the firm attempts to resolve a service- or product-failure, alter negative attitudes of 
dissatisfied customers and ultimately retain these customers (Kelley & Davis, 1994; Miller, 
Craighead, & Karwan, 2000). How an organization does this can have a major impact on its 
customer’s post-complaint consumer behavior, from repurchase intentions to likelihood to 
engage in word-of-mouth (WOM) activities. Justice theory found that when customers perceive 
the organizational response as fair their post-complaint satisfaction is higher than when they 
perceive the response as unfair (Maxham & Netemeyer, 2002). Hence, organizations responding 
to customer complaints based on the theory of justice are likely to acquire and retain a pool of 
satisfied and loyal customers (Smith et al., 1999; Tax et al., 1998). The framework of the causal 
chain of post-complaint behavior, developed by Gelbrich & Roschk (2011), is shown in Figure 7.   
 

Organizational 
responses to 

complaint

Complainants  
perception of 

justice

Post-complaint 
satisfaction

Customer 
behavior

 
Figure 7: Meta-analytic framework for post-complaint behaviour (Gelbrich & Roschk, 2011) 

 

3.1.2 Quality improvement 
In addition to complaints being of use to ensure customer satisfaction, complaints are a valuable 
management tool for continuous quality improvement. However, while many organizations have 
implemented plans to handle individual complaints, few have developed programs to analyze and 
reduce the future number of complaints (Fornell & Westbrook, 1984). As the analysis of 
complaints is a useful management tool, the role of customer service, the department that receives 
the customer complaints, should be twofold: individual complaint handling and aggregate 
complaint analysis (Schibrowsky & Lapidus, 1994). These two functions are shown in Figure 8.  
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Figure 8: The roles of consumer service department (Schibrowsky et al., 1994) 

 

The complaint handling function, shown on the left of Figure 8, is designed to address individual 
complaints in an attempt to remedy consumer dissatisfaction. Individual complaint handling is 
discussed in the previous paragraph. Another function of customer service is aggregate complaint 
analysis, shown on the right of Figure 8. Aggregate complaint analysis identifies consumer 
problems that consistently occur over time and possibly across different product offerings 
(Fornell & Wernerfelt, 1988). Management can use this information to minimize the occurrence 
of service failures, improve service design and delivery, understand the customer's expectations 
and perceived service quality, and improve service recovery efforts of the organization through 
employee training programs focusing on these issues (Hoffman, Kelley, & Rotalsky, 1995). 
Especially in healthcare organizations, complaints are of great importance as they provide a 
valuable source of insight into safety-related problems. The analysis of complaints in a healthcare 
environment can facilitate the 1) creation of standardized data on the frequency, nature, and 
causes of adverse events; 2) identification of challenges for different healthcare applications; 3) 
interventions based on causal analyses; 4) extraction of safety-related data from complaints 
(Reader, Gillespie, & Roberts, 2014). 
 
Conducting a useful aggregate analysis of complaints requires more than a simple counting of 
complaints. For complaints to be of analytical value and capture relevant information, a 
standardized system to collect, aggregate, and analyze the complaints is needed (Montini, Noble, 
& Stelfox, 2008). To facilitate this process a coding taxonomy can be used that standardizes the 
complaint handling procedure. A taxonomy is a strict structure for classifying complex events 
according to a set of common theoretical domains and dimensions (Patton, 1999). A taxonomy 
facilitates the description, comparison, measurement, monitoring, analysis and interpretation of 
complaints. Based on the taxonomy, the complaints can be coded, organizing them into complaint 
categories and uncovering additional links within and between the categories.  
 

3.1.3 Safety 
An aspect of complaint handling that remains undiscussed thus far is safety. Millions of patients 
worldwide depend on medical devices for the diagnosis and management of disease. Hence, 
manufacturers of medical devices have to demonstrate safety and effectiveness throughout their 
life cycles (Kramer, Xu, & Kesselheim, 2012). Therefore, the third role of consumer service for a 
medical device manufacturer and/or vendor is to improve safety and manage risk.  
 
Currently, medical device safety is determined by estimating the potential of a device becoming a 
hazard that could result in safety problems and harm. This estimate is often referred to as the risk 
assessment (M. Cheng, 2003). Risk is a measure of the combination of 1) the hazard; 2) the 
probability or likelihood of occurrence of the adverse event; 3) the severity or overall impact 
(Cheng, 2003; Teferra, 2017). The potential hazard of a device dictates the degree of regulation.  
Besides identifying and adequately addressing all risks associated with the medical device, after-
sale service should be provided to ensure that the products sold continue to comply with 



14 
 
 

regulatory requirements (M. Cheng, 2003). Participating in Post Market Surveillance (PMS), the 
pro-active collection of information on safety, performance, and quality of medical devices after 
their release into the market, is critical for ensuring medical device safety and performance 
(Hegde & Konakanchi, 2011). Problems detected by the PMS provides data for corrective action 
as well as informing potential review of the risk management assessment. Hence, a robust post-
market monitoring system is needed to continuously monitor and evaluate product performance 
and feed the information back into the risk management process and to the engineering teams 
(Hegde & Konakanchi, 2011).  
 

3.1.4 Conceptual framework for complaint handling 
The ultimate goal of any organizational process, thus also of complaint handling, is to increase a 
firm’s profitability and competitiveness. The purposes of complaint handling, which each 
contribute to achieving this goal, are identified in the above sub-paragraphs. In addition, the role 
of customer service is recognized to be twofold: individual complaint handling and aggregate 
complaint analysis. By handling individual complaints, problems can be resolved in an attempt to 
satisfy customers, retain them and achieve positive such as positive WOM or re-purchases. By 
handling aggregate complaints, root causes of complaints can be identified and products and 
services can be modified to prevent future complaints from occurring. Moreover, in a high-risk 
environment, such as healthcare, aggregate complaint analysis can be used to detect causes of 
harm, to show compliance with regulation and to manage risk. To synthesize the purposes and 
the information found in the literature review, a conceptual framework is constructed. The 
conceptual framework, presented in Figure 9, provides an understanding of how the particular 
purposes in this literature review connect with each other. 
 

Individual complaint handling

Customer relations 
- Customer satisfaction

- Positive customer behavior 
(positive word of mouth, 

loyalty, repurchase intentions)
- Customer retainment

Quality improvement
- Identify causes of complaints

- Improve product design
- Improve service design

- Minimize occurrences of failures 
- Understand customer s expectations

Complaint handling

Safety
- Identify & improve 
harmful situations

- Comply with regulations
- Manage risks (hazard, 

probability, severity)

 
Figure 9: Purposes of complaint handling 
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3.2 Complaint analysis 
In this paragraph, the analysis of complaints for quality and safety purposes is studied. The 
statistical analysis of complaint data should go beyond the computation of means and variances: 
individual elements should be plotted to identify patterns or trends in the data as well as elements 
that lie outside the normal expected range (Desouza, 1992). The method of quality control 
employing statistical methods to monitor and control a process is SPC. SPC is one of the most 
effective approaches in quality management. The most essential aspect of implementing SPC is 
control charting (Guh, 2005). A control chart is necessary to keep a check on the current state of 
the accuracy (central tendency) and precision (spread) of the distribution of the data (Oakland, 
1987).  
 
A control chart consists of two parts: 1) a series of observations plotted over time, and 2) the 
control chart format which consists of three parallel lines, namely the center line (typically, the 
mean), the upper control limit (UCL), and the lower control limit (LCL) (J.C. Benneyan, Lloyd, & 
Plsek, 2003). A process is in control as long as all points fall inside the control limits and the points 
do not display an unnatural pattern, also known as nonrandom variation (C.-S. Cheng, 1997). 
These unnatural patterns indicate variation that is not inherent in the process on a regular basis 
and, therefore, provide valuable information regarding potential process improvements (J.C. 
Benneyan et al., 2003).  
 
The selection of proper SPC charts is essential for effective SPC implementation and use. As charts 
use different statistical techniques, one should identify the best chart for the given data, situation 
and need (Anjard, 1995). Hence, this paragraph presents an overview of studies on the data 
characteristics that influence the type of control chart, the different control charts existing in 
literature, the assumptions underlying control charts, and a set of decision points that help in 
selecting the appropriate control chart in each situation.  
 

3.2.1 Control chart selection criteria 
As there exist many different types of control charts, criteria have to be identified to support the 
selection of an appropriate chart. In literature, determining the appropriate type of control chart 
is based on several data characteristics (James C Benneyan, 1998c). Much controversy exists on 
this topic; however, on the criteria discussed below, general agreement is reached. 
 

3.2.1.1 Type of data 

Control charts are statistical tools and, as such, are based on probability theory. Several common 
types of process data and probability distributions exist, such as measured values, counts, 
fractions, and rates, and specific control charts have been developed for each of these situations 
(James C Benneyan, 1998a). Moreover, Benneyan (1998a) states that “Just as there are different 
types of hypothesis tests for means, variance, proportions, and counts, each control chart is based 
mathematically on a particular underlying statistical distribution that is appropriate for its 
corresponding type of empirical process data”. 
 
Hence, the selection of an appropriate control chart for any given situation begins with identifying 
the type of process data being investigated. In a process, data can be either variable or attribute. 
Variable, or continuous, data can take on different values on a continuous scale of some kind. They 
can be either whole numbers or they can be expressed in terms of as many decimal places as a 
measuring instrument can read (Raymond G Carey, 2002). Attribute, or discrete, data relates to 
counted items and is not measured on a scale. A general difference between health and industrial 
applications is that the use of attribute data is much prevalent; there is a much greater use of 
charts based on counts or time between failures (Olatunde, 2009). As this thesis research studies 
the SPC strategy for (counts of) complaints, it can be affirmed that the type of data to be analyzed 
is attribute data. Hence, the rest of this literature review focuses on attribute control charts and 
variable control charts are left out of scope.   
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3.2.1.2 Category of attribute data 
Within attribute data, there are two broad categories of data: those that arise from classification, 
and those that arise from counting (Hawkins & Olwell, 1998). 
 
In some settings, items can be classified as either having or not having some attribute. An item 
that does not meet some criterion is called a ‘nonconforming unit’ or ‘defective’ (Mitra, 1998). 
These data are ‘binominal’, or ‘yes/no’ type of data. For example, a patient either fell or did not fall 
during a hospital stay. In these instances, the numerator (e.g. number of patients who fell) is a 
subset of the denominator (e.g. the total number of patients discharged) (R. G. Carey & Stake, 
2002). 
 
Another approach to count data is to count not just nonconforming units, but all ‘nonconformities’, 
or all ‘defects’ (Devore, 2012). For example, instead of merely recording that a patient fell during 
a hospital stay (a nonconforming unit), one could count all of the times a patient fell 
(nonconformities). With this approach, the numerator (e.g. number of falls) is not a subset of the 
denominator and can theoretically be greater than the denominator (e.g. number of patient days) 
(R. G. Carey & Stake, 2002). 
 
The difference between the classification and count data is that the count on any sampled item 
can in principle be any nonnegative integer (Hawkins & Olwell, 1998). In classification, the 
sampled item either does or does not have the characteristic. In a collection of m sampled items, 
classification data would necessarily be in the range 0, …, m (Hawkins & Olwell, 1998). By contrast, 
the number of patients who fell has (in principle) no upper bound. 
 
Accordingly, based on the type of process data being analyzed, an appropriate probability 
distribution that reasonably describes these data can be identified. This is not as difficult as it 
seems as just a few distributions and their corresponding control charts can be applicable to a 
wide range of situations (James C Benneyan, 1998a):  

- When analyzing attribute data from binomial distributions, a P-chart should be used. 
- For count data generated by Poisson distributions, either a C- or U-chart should be used. 
- For normally distributed continuous data, an X̅-, S-, R-, I, MR chart or combination should 

be used. 
 
These three probability distributions – binomial, Poisson, and normal – are the most common for 
many practical empirical situations, and the Shewhart charts listed above are therefore 
appropriate for most basic applications of SPC (James C Benneyan, 1998a).  
 

3.2.1.3 Area of opportunity  

After the type of attribute data collected is determined (counts of defectives or defects), the 
constancy of the subgroup size, or ‘area of opportunity’, is to be inspected to select the right type 
of control chart. When attributes data are used for direct comparisons, they must be based on 
consistent areas of opportunity if the comparisons are to be meaningful. For example, if the 
number of defects that are likely to be observed depends on the size of a module or element, all 
sizes must be nearly equal (Florac & Carleton, 2011).  
 
In general, when the areas of opportunity for observing a specific event are not equal, the chances 
for observing the event will differ across the observations. When this happens, the number of 
occurrences must be normalized (converted to rates) by dividing each count by its area of 
opportunity before valid comparisons can be made equal (Florac & Carleton, 2011). Situations 
with varying sample sizes are common in healthcare surveillance, as here the size of the 
population often changes over time, resulting in varying sample sizes. 
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3.2.2 Shewhart attribute control charts 
The best-known control charts are those pioneered by Walter Shewhart (1931). There are four 
types of Shewhart attributes control charts, namely the P-, NP-, U-, and C- chart 
 

3.2.2.1 P- and NP-chart  

The P-chart is the chart of choice when the data collected are count data of nonconforming units. 
The subgroup will be the unit of time across the horizontal axis (e.g. month, year, etc.) while the 
fraction of defectives would be plotted on the vertical axis. The denominator will vary over time, 
but plotting the fraction (or percent) rather than the absolute number of nonconforming units will 
adjust for this difference in area of opportunity (Raymond G Carey, 2002). 
 
The NP-chart plots the actual number of nonconforming items, or defective parts, rather than the 
fraction or percent of nonconforming items. Hence, the NP-chart is equivalent to the P-chart, if the 
sample size is constant (Wu & Luo, 2004). The NP-chart is often used because it is easier to 
interpret than the usual fraction of nonconforming items (Montgomery, 2009).  
 
The binomial distribution is the basis for the P- and NP-chart and requires the assumptions that 
the events: 
3 Are binary (can only have two states, i.e. conforming/nonconforming); 
4 Have a constant underlying probability of occurring (p); 
5 Are independent of each other (Mohammed, Worthington, & Woodall, 2008). 
 

3.2.2.2 U- and C-chart 

The U-chart is the appropriate chart for counts of nonconformities where there is an unequal area 
of opportunity. For example, if data were collected on the number of patient falls during a given 
week or month, it would be highly unlikely that the number of patient days would be the same 
from period to period (Raymond G Carey, 2002). To account for this difference in the opportunity 
for patient falls, it would be helpful to divide the number of falls by the total number of patient 
days in each period—thus producing a ratio of falls to patient days (Raymond G Carey, 2002). 
 
A C-chart is an alternative to the U-chart for counts of nonconformities where there is a (nearly) 
equal area of opportunity. When the denominator is virtually the same, that is, does not vary from 
the average by more than about 20%, then the actual count of nonconformities (e.g. the total 
number of falls) for each time period can be plotted (Raymond G Carey, 2002). 
 
“Note that these two types of control charts are directly analogous to the P- and NP-charts for 
fraction and total number per subgroup, but now mathematically based on a Poisson rather than 
a binomial distribution and thus calculated slightly differently.” (James C Benneyan, 1998b) 
 
The Poisson distribution is the basis for the U- and C-chart and requires the assumptions that the 
events:  

4. Occur one at a time with no multiple events occurring at the same time or same location; 
5. Are independent of each other (Mohammed et al., 2008). 

Typically, low-frequency events (e.g., the number of fatal surgeries) are plotted using U- or C-
charts as the Poisson distribution is reasonable for infrequent events (Mohammed et al., 2008).  
 

3.2.3 Assumption checks 
Control charts associated with specific probability distributions are based on various statistical 
assumptions. Despite the fact that it is rare for all these assumptions to be met precisely in 
practice, literature indicates that the Shewhart attribute charts are useful in practical 
circumstances, even when there is a deviation from the ideal conditions (Woodall, 2000). 
However, when these assumptions are grossly violated the control charts can provide quite 
unexpected performances (Adams, 2014).  
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3.2.3.1 Distribution 
Departures from the assumed distribution may be due to underlying variation in the probability 
of a nonconforming unit (in the case of the P & NP-chart) or to variation in the mean rate of 
occurrence of nonconformities (for the U- & C-chart) (Jones & Govindaraju, 2001). In that case, 
the variation in the model parameter will cause an increased variability, termed over-dispersion, 
in the quality characteristic. This over-dispersion results in many data points being falsely 
detected as out-of-control; also termed false positives (Sellers, 2011). Therefore, it is necessary to 
correct over-dispersion in attribute data. Data can also display under-dispersion; when the 
observed variability is less than what would be expected from the assumed model. In that case, 
the control limits based on the binomial or Poisson assumption will be too wide, thus implying 
that most data points are in-control when they are actually out of control, termed false negatives 
(Sellers, 2011).  
 
Hence, procedures are needed for checking the distributional assumptions that will be unaffected 
by true out-of-control points as well as false in-control points, also termed type I and II error. 
Statistical procedures known as goodness-of-fit tests can be used for verifying distributional 
assumptions (Mitra, 1998). Goodness-of-fit tests may include chi-squared tests (Duncan, 1986), 
Kolmogorov-Smirnov tests (Massey, 1951), or the Anderson-Darling test (Stephens, 1974), among 
others. Graphical methods such as probability plotting may be used along with such tests to enable 
visual evaluation of the distributional assumptions.   
 

3.2.3.2 Independence 

A standard assumption in the use of traditional control chart is that observations taken over time 
from the process under investigation are independent and identically distributed (IID) (Ulkhaq & 
Dewanta, 2017). Independence means that there is no relationship between successive data 
points. However, this assumption is often violated due to the presence of auto-correlation or serial 
dependence resulting from the dynamics inherent to the process (Montgomery, 2009).  
 
With positively auto-correlated data, high values are likely to follow high values and low values to 
follow low values, resulting in a cyclic pattern. With negatively auto-correlated data, high values 
tend to follow low values and vice versa (Mohammed et al., 2008). A potential outcome of positive 
correlation in process data is that the traditional control charts may signal an out of control 
situation when none exist. Moreover, (Prybutok, Clayton, & Harvey, 1997) discovered that as the 
amount of correlation in the data increases, the average time to signal decreases.  
 

3.2.4 Control chart alternatives 
Based on the foundation built by Shewhart, additional control chart types have been developed 
over the years. The additional control charts that are useful in healthcare applications and some 
advanced methods to learn from data collected over time are discussed by Provost & Murray 
(2011). The types of control charts they describe as alternatives for the Shewhart attribute control 
charts are presented below. The G- and T-charts are variations on the basic Shewhart charts. The 
Cumulative Sum (CUSUM) and Exponentially Weighted Moving Average (EWMA) charts are more 
advanced and are more sensitive in detecting small, persistent changes in a measure. Finally, 
multivariate control charts can be used to have multiple measures analyzed together. 
 

3.2.4.1 G- and T-chart 
The geometric type control chart, or G-chart, is very useful when the underlying distribution is 
neither binomial nor Poisson, and when a geometric distribution is a better description of the 
process behavior (Tang, Goh, Yam, & Yoap, 2006). The G-chart monitors the cumulative count of 
conforming items between two nonconforming items, following a geometric distribution. 
 
The occurrence of defects in a process can be modeled by a Poisson process, for which the time 
between events essentially follows an exponential distribution (Zhang, Xie, & Goh, 2005). The T-
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chart is based on the exponential distribution and models the occurrence of a discrete event by 
monitoring the time between nonconforming items (Santiago & Smith, 2013).  
 
As both the G- and T-chart do not measure the failure itself but the number of observations or 
time in between, it can be of great use when an attribute chart contains many too many zeros 
(Provost & Murray, 2011). 
 

3.2.4.2 CUSUM and EMWA chart 
A major drawback of the Shewhart charts is that they are only sensitive to large process shifts as 
it ignores previous data and considers only the last data point (Haridy & Wu, 2009). More 
advanced attribute charts, such as the Cumulative Sum (CUSUM) and Exponentially Weighted 
Moving Average (EWMA) charts, make use of both past and current sample information, making 
them more sensitive in detecting small to moderate shifts in the parameter of interest (Saghir & 
Lin, 2015). For a given in-control average run length (ARL), the CUSUM and EWMA methods have 
lower ARLs than the corresponding Shewhart-type charts for small to moderate shifts in the 
parameter (Woodall, 1997). The in-control ARL is the average number of points that are plotted 
before a false alarm occurs (Ryan & Woodall, 2010).  
 
The EWMA chart monitors a process by averaging the data so that exponentially less and less 
weight is given to data as they are further removed in time (Haridy & Wu, 2009). The CUSUM chart 
is based on subsequent monitoring of cumulative, or added, performance over time (Noyez, 2009). 
Many versions of EWMA and CUSUM charts exist, applicable under different circumstances. 

 

3.2.4.3 Multivariate charts 

All the control charts discussed thus far can be termed ‘univariate’ control charts, monitoring only 
one quality characteristic. However, in practice, multivariate quality measurements are often 
encountered since the overall quality of a product is usually determined by more than one quality 
characteristic (Liu, 1995). When a dataset contains these correlated quality characteristics, 
multivariate control charts, monitoring multivariate measurements directly, are more adequate 
for detecting shifts in the data. The major drawback of most multivariate control chart procedures 
is that they when the control chart signals, it does not directly provide the information of which 
variable(s) caused the out-of-control situation (Mason, Champ, Tracy, Wierda, & Young, 1997).  
 

3.2.5 Conceptual framework for complaint analysis 
In the sub-paragraphs above, the assumptions and criteria that underly the different types of 
control charts existing in literature are discussed. This set of assumptions and criteria together 
form the guidelines for selecting an appropriate control chart. In order to synthesize all 
information, four literature studies (Anjard, 1995; MacCarthy & Wasusri, 2002; Cheung, Jung, 
Sohn, & Ogrinc, 2012; Adams, 2014) are compared as they each discuss an elaborate control chart 
selection procedure. 
 
The first literature study, by Anjard (1995a), presents a very simple, yet effective decision-tree for 
selecting the appropriate variable or attribute chart from the Shewhart SPC charts. First, the basic 
data to be charted is determined to be either attribute or variable. Next, for attribute data, the 
question that is asked is the following “More than one failure per item?”. This is relevant because 
if each item is evaluated on more than one criterion, it is possible to have more failures than items. 
When the answer is no, the resulting control chart is the NP- or P-chart, if the answer is yes, the 
resulting control chart is the C- or U-chart. The final choice between the two charts depends on 
the sample size being constant or varying. Also, the importance of considering the distribution of 
the data before implementing a control chart is emphasized by Anjard (1995a). Anjard (1995a) 
does not consider the check of data for auto-correlation.  
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Next, MacCarthy & Wasusri (2002) identify a set of guidelines for setting up a SPC charting scheme 
in non-standard applications. MacCarthy & Wasusri (2002) emphasize the need to 1) identify the 
purpose and expected goal of the SPC charting scheme, 2) define the process scope and 
description, and 3) specify the performance measures that truly reflect the process. Once these 
steps are completed and the context is understood, the analysis of the data and selection of an 
effective charting scheme can commence. The first step stated by MacCarthy & Wasusri (2002) is 
to decide between multivariate or univariate data. Accordingly, for univariate data, no 
differentiation between attribute or variable data is made, but immediately the question is asked 
whether the observations in the dataset are independently distributed or if auto-correlation 
exists. When the univariate data is IID, a Shewhart chart can be created, when it is auto-correlated, 
the auto-correlation should be removed or an advanced control chart should be applied. The 
distributional assumption and the area of opportunity are not mentioned in the article. 
 
Cheung, Jung, Sohn, & Ogrinc (2012) study the use of control chart analysis for quality 
improvement purposes. The decision tree starts with the decision of either variable or attribute 
data. For attribute data, after selecting count or classification data, the next selection criteria is 
whether the ‘chart assumptions’ are met or not. The chart assumptions Cheung, Jung, Sohn, & 
Ogrinc (2012) discuss are distributional assumptions (the statistical model, e.g. binomial, Poisson 
or other) and the underlying assumption of independence of the data points. When the 
assumptions are fulfilled, the area of opportunity determines the resulting type of Shewhart chart. 
When the assumptions are not fulfilled, the result is the X-mR chart, based on the difference 
between individual values and that between ranges of values. 
 
Finally, Adams (2014) provides general guidelines for selecting appropriate control charts for any 
given application. The approach of Adams (2014) is different from the other literature reviews as 
six decision trees are provided. The result of the first decision tree leads to one of the other five 
decision trees, which finally provides the best fitting control chart. This way, the complexity of the 
selection of a control chart is visualized in a transparent manner. The order of decision points of 
Adams (2014) is slightly different compared to the other literature reviews. Namely, the first 
criteria is whether the data is univariate or multivariate, then the correlation of the data is 
inspected and only when these two criteria result in a dataset of univariate, independent data, the 
question is asked whether the data is attribute or variable. Accordingly, for attribute data, another 
decision tree is referred to. In this tree, it is checked whether the data counts defects or defectives, 
which results in the P-, NP- EWMA on p, and CUSUM on p chart, or in the C-, U, EWMA on counts 
chart, respectively. When the univariate, independently distributed, attribute data is neither on 
defects or defectives, a nonparametric chart is suggested.  
 
Based on the four studies, and the information discussed throughout the paragraph, a conceptual 
model can be constructed to synthesize all findings. The conceptual framework, shown in Figure 
10, provides the most important considerations that should be prioritized in order to ensure the 
selection of an appropriate (attribute) control chart. 
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Figure 10: Key considerations for control chart selection 

 

3.3 Conclusion theoretical background 
In the first paragraph of the theoretical background, the complaint handling function is studied in 
order to gain an understanding of the value complaints contain and how this value can be used by 
an organization. The result is a conceptual framework in which the purposes that complaints 
serve are identified. The conceptual framework provides direction for the thesis is research as it 
recognizes the complex environment that has to be taken into account when improving the 
trending procedure. Hence, as the trending procedure deals with the aggregate analysis of 
complaints, both safety and quality are themes that should be central in the re-design of the 
trending procedure. The CHU manager also communicates this as she expresses that the trending 
procedure should identify structural quality issues with the products and/or services provided by 
the organization, especially when the issues relate to safety. Moreover, a quality or safety 
improvement will ultimately benefit the customer relations as well.  
 
After the important functions of complaint handling are mapped, a more practical approach to 
redesigning the trending procedure can be identified. This is done in the second paragraph of the 
theoretical background. By setting out all data criteria on which control charts are based, the most 
popular control charts in existing literature, and the assumptions most charts require the data to 
meet, a conceptual framework is constructed. The conceptual framework provides all the data 
characteristics that should be inspected in order to get an understanding of the underlying 
process and be able to select the appropriate control chart. The analysis in this thesis research is 
structured based on the key considerations identified in the conceptual framework of Figure 10.   
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4. Research methodology 

This thesis research is performed using the guidelines for design science research, introduced by 
Hevner et al. (2004) within the Information Systems discipline. Essentially the design-science 
paradigm is, like the regulative cycle of  Van Strien (1997), a problem solving paradigm. This 
chapter explains the approach and its usefulness for this thesis research.  
 

4.1 Design science research  
In the design-science paradigm, knowledge and understanding of a problem domain and its 
solution are achieved by building and evaluating the designed artifact. Artifacts are defined by 
Hevner et al. (2004) as “constructs (vocabulary and symbols), models (abstractions and 
representations), methods (algorithms and practices), and instantiations (implemented and 
prototype systems).” The artifacts are built to address the identified problems and are evaluated 
with respect to the usefulness in solving those problems. The building of the design artifact and 
evaluation to improve the artifact and design process is a loop that is often iterated several times 
before research is finalized. In Figure 11, the information systems research framework of Hevner 
et al. (2004) is presented. 
 

 
Figure 11: Information Systems Research Framework (Hevner et al., 2004) 

In the figure, the environment defines the problem space of the research, composed of the 
interaction between people, organizations, and technology (Hevner et al., 2004). Given the 
identified business needs, research is performed in two phases. Behavioral science approaches 
research by establishing a knowledge base of theories on the business needs. Design science 
approaches research by building and evaluating artifacts to meet the business needs  (Hevner et 
al., 2004). Finally, relevance of the research is assured by addressing the business needs, and rigor 
by applying the knowledge base appropriately.  
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4.2 Goal of the research design 
Design science is applicable to a much wider range of disciplines than IS development, hence, it 
proposes a viable option in this research. In order to tackle the problem with the trending 
procedure at Philips, it is important to understand what form a suitable response might take and 
how it might be used in practice. A solution must be produced that is useful to the CHU and, 
therefore, a structured approach to building and evaluating the solution, as proposed by design 
science research, is a suitable methodology. Since the problem at the CHU is quite complex, the 
environment and knowledge base are determined before the artifact to be designed in this thesis 
research can be specified.  
 
Hence, to understand the business needs, the environment of the CHU is examined. The problem 
situation as perceived by the CHU is derived with the use of semi-structured interviews with the 
relevant people. Based on this, the problem situation is mapped in Appendix C. However, as   
Hevner et al. (2004) describe, such perceptions are “shaped by the roles, capabilities and 
characteristics of the people within the organization; business needs are assessed and evaluated 
within the context of organizational strategies, structure, culture, and existing business 
processes”. To this end, the current situation at Philips is inspected in Chapter 2. The investigation 
of the organizational context allows for a better comprehension of 1) the influence of the code 
structure on the trending procedure, as it represents the information available for control 
charting, 2) the trend categories that are to be trended, either because they are useful to the CHU 
or required by regulation, and 3) the effectiveness of the trending procedure in finding and 
addressing (quality) issues. Given this information, the main problem is defined as the inefficiency 
of the trending procedure in the early-on identification of trends and the business need (or desire) 
of the CHU to take pro-active and preventive measures. 
 
To get an understanding of the potential solutions and form the artifact must take on, the thesis 
research draws on existing knowledge from prior research (i.e. journal articles, conference 
papers, textbooks).  Moreover, Hevner et al. (2004) state “the knowledge base provides the raw 
materials from and through which IS research is accomplished”. In the theoretical background, 
described in Chapter 3, a number of models, frameworks, methods, and theories have been 
proposed, analyzed and evaluated. A solid understanding of complaint handling is gained to avoid 
misunderstanding in the application of the application in the environment. Accordingly, the 
central themes of this thesis research, being SPC and control charting, are studied. Fortunately, a 
large body of academic research and practice-oriented knowledge has been built up and over the 
past three decades or so. Moreover, the prospects of contributing back to this knowledge base are 
very good, as SPC in the context of healthcare is still an emerging area. The theoretical background 
provides the design construction knowledge (i.e. foundations) and design evaluation knowledge 
(i.e. methodologies) for the “build” and “evaluation” phases of this thesis research.  
 
Based on the business needs and applicable knowledge, derived from the steps listed above, the 
artifact for this thesis research is determined to be a process model for selection of control charts 
based on the characteristics of the data to be monitored. For the CHU, the data to be monitored is 
the complaint data, which is available on various abstraction levels, ranging from the total 
complaints to, for example, complaints on specific (first, second or third level) symptom and 
failure codes. Hence, as a single control chart design does not cover the differences between the 
different complaint categories, the artifact allows for a more abstract approach to the problem by 
providing a selection model to be applied in any situation.  
 

4.3 Research phases 
In this paragraph, an outline of the research phases is presented. The goal is to show the overall 
coherence of the research design and how it fits with the requirements for design science of 
Hevner et al. (2004) 
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4.3.1 Develop/Build  
As already stated above, the first phases of this thesis research are the gathering, assessing and 
synthesizing of knowledge through a review of literature and the development of a deep 
understanding of the business needs for SPC and control charting. These steps are interdependent 
as a larger knowledge base enables a better understanding of the problem, and vice versa, more 
knowledge of the business needs allows for new concepts to be studied in literature. This iterative 
process resulted in a solid foundation, reported in Chapters 1, 2, and 3, upon which the artifact is 
to be designed. An understanding of the business needs was achieved by a series of semi-
structured interviews with the trend analyst and manager of the CHU. This is since these people 
are best placed to explain the problems around the trending procedure they have dealt with in the 
past and how they have been met to date. They are also able to articulate the organizational 
strategies, cultural norms and business processes that will dictate the usefulness of the process 
model for control chart selection.  
 
The third phase is where the knowledge from the theoretical background is related to the business 
needs elicited from the problem and current situation. The first result of this phase is the 
conceptual model of the purposes of complaint handling, providing an overarching goal of 
complaint handling and awareness of the context within which this research is performed. 
Accordingly, the first phases of the thesis are repeated once again, diving into more detail on 
control charting and the complexity in selecting one. The outcome is the second paragraph of the 
theoretical background (3.2) and a conceptual framework of the key considerations for control 
chart selection. Addressing the key considerations one by one, a technique for selecting an 
appropriate control chart within an organization is developed. The resulting artifact (a process 
model for control chart selection) comprises a model (a set of constructs and the mathematical 
formulas defining and relating them) and guidelines to implement them in various situations.  
 

4.3.2 Justify/Evaluate 
In order to ensure the artifact is both useful to practitioners (relevant) and contributing back to 
the knowledge base (rigorous), it must undergo evaluation and justification. The evaluation 
methods used throughout this research will be analytical, testing, and descriptive.  
 
In order to evaluate the selection model and develop it further, output needs to be generated that 
can be analyzed. It is necessary to demonstrate that how the model can be employed and the 
results interpreted and refined. The primary evaluation method is a case study, as the artifact is 
studied in the business environment of Philips, based on the historical complaint data. Moreover, 
analytical evaluation is central as the artifact is researched and optimized based on statistical 
analyses and underlying mathematical equations. The behavior of the mathematical 
considerations of which the model is constructed and the appropriateness of the model on real-
life data can then be assessed. Moreover, the results from the selection model, being the final 
control charts, are to be tested. This is done by performing structural tests to inspect the time it 
takes the control charts to detect artificial trends in the data (simulation). In addition, information 
from the knowledge base is continuously used to build a convincing argument for the artifact’s 
utility and to support the decision taken in the design steps. Lastly, the research process and 
resulting artifact are evaluated by the intended users. It is not sufficient to rely on the statistical 
analysis of the simulation study as this will not take in a sufficiently broad view of the performance 
or suitability of the model.   
 

4.4 General process 
In this paragraph, a model of the general process followed by design science research is presented. 
The model is based on the five steps outlined in the methodology from Takeda, Veerkamp, 
Tomiyama, & Yoshikawa (1990), as it forms a natural and practical way of structuring design 
science. To relate the model to this thesis research, the chapters of the thesis in which the steps 
are performed are added. The model is presented in Figure 12. 
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5. Key considerations control chart selection 

In this chapter, the conceptual framework of the key considerations for control chart selection, i.e. 
the tentative artifact design, is developed further based on the complaint information of the CHU. 
Firstly, all data is interpreted, merged, and corrected. Accordingly, all considerations (see Figure 
10) are applied to the complaint data to verify the existing artifact and improve/expand it based 
on new, practical findings. Hence, the first paragraph discusses the data that is exported from the 
organizational database and how it should be formed to be appropriate for control charting 
purposes. In the second paragraph, the type of the data is determined (multivariate/univariate, 
attribute/variable, and count/classification). Hereafter, the probability distribution, area of 
opportunity, and amount of correlation in the data is inspected. The output of this chapter is a 
thorough analysis of the data, providing an understanding of the data characteristics, which is 
required to appropriately select a control chart. Hence, the first phase of the control chart 
selection process is completed.  
 

5.1 Data preparation 
As there are too many trend categories to develop control charts for, a control chart selection 
process is designed in this thesis research so that it can be applied to any quality characteristic 
that requires monitoring. The data used for the design is the total number of complaints, not 
specified on any code, hazard, system or software. The total numbers are selected as it creates a 
sufficiently large database, ensuring statistical significance for all types of analyses. Later on, in 
Chapter 6, the process of control chart selection is discussed for application with other complaint 
categories (with smaller datasets).  
 

5.1.1 Data export  
In TW, all complaints received by the whole of Philips are managed. To retrieve data from TW, a 
query is needed that defines what information is to be extracted. Many queries already exist in 
the database to support the day-to-day tasks of Philips employees. However, for this research, a 
new query is created consisting of three criteria, namely: 
 

1. Facilitating Entity = MR Best 
This ensures that all complaints selected for data analysis are handled by the MR 
department of Best and do not correspond to another location within Philips. For the 
selection of the control charts for MR Best, it is important to only consider their complaints 
as the complaint characteristics can differ per facility.  

 
2. Date Created is in the range 01/01/2012 to 01/01/2018 

Date created is the date that the complaint is entered into TW, which represents the date 
that the complaint is initially observed by Philips. The date created for each complaint is 
used to plot the complaints in time order on the control chart. The time period of 2012 
until 2018 is chosen because the current code structure originates from 2012. Complaints 
from before 2012 are coded different and can therefore not be used.  
 

3. Include Closed Records 
To export all complaints (both open and closed), this has to be specified in the query. Since 
the range selected in ‘Date Created’ does not include recent data, only complaints before 
2018, almost all complaints are stored as closed records.    

 
The created query allows the export of all complaints, in the period of 2012 until 2018, handled 
by MR Best. Accordingly, the desired complaint information has to be selected. TW is an enormous 
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database containing all kinds of information for each complaint. Examples are the date created 
and closed, the three symptom and failure code levels, the description of the product and software 
the complaint occurred on, the customer resolution that is provided by Philips, whether the 
complaint is reportable, a short description of the complaint, etc. For the design of the control 
chart of the total complaints, only the ‘PR ID’, being the complaint ID number, and the ‘Date 
created’ are of interest. The ID number of the complaints is needed to count the number of 
(unique) complaints per unit of time, being the date created. The resulting dataset consists of 
23,575 observations (complaints) and the two selected columns.  
 

5.1.2 Data corrections 
The date created consists of the day, month, year and time the complaint was created. However, 
as the complaints per hour or minute is too frequent, varying too much, the time is not of use to 
control charting and, therefore, removed from the column. Moreover, the date format is corrected, 
as there are two different notations used in the dataset, namely DD/MM/YYYY and DD-MM-YYYY. 
To enable correct analysis, consistency is required and all dates are adjusted to be of the type 
YYYY-MM-DD. Finally, rows with missing values and dates that are wrongly included (before 2012 
or after 2018) are removed from the dataset. This results in the exclusion of 88 observations. 
Hence, the final dataset consists of 23,487 observations.   
 

5.1.3 Choice of subgroup size 
Before the analysis of the control chart considerations can commence, the subgroup size, being 
the window of time within which the complaints are counted, must be selected (Oakland, 1987). 
Currently, the complaints are trended per quarter. Per quarter on average 979 complaints are 
counted. However, the complaint data extracted from TW is per day, with an average of 12 
complaints. Other options might be per week, with 74 complaints on average, or per month, with 
326 complaints on average. The choice of subgroup size is crucial as it ensures that appropriate 
chart signals are produced (Montgomery, 2009). As the subgroup size increases, the mean control 
chart limits become closer to the process mean as the samples vary less, resulting in a control 
chart more sensitive to smaller changes. On the other hand, valuable process knowledge is lost by 
aggregating the observations into too many subgroups, as the samples are much less frequent. To 
inspect the complaint frequency, the histograms of complaints per day, week, month and quartile 
are presented in Figures 13 until 16. The histograms show the frequency distributions, being the 
number of days, weeks, months or quartiles containing a certain number of complaints. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 Figure 13: Histogram daily number of complaints Figure 14: Histogram weekly number of complaints 
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The figures show that the bars come closer and closer together as the subgroup size increases; the 
variance is reduced. However, a larger subgroup size also results in a smaller number of 
observations that are left to be plotted; data is lost. This makes the dataset less reliable for fitting 
a control chart and predicting the process running out of control. Monitoring the total complaint 
counts per day, the dataset contains 1889 counts, per week; this is 312, per month this is 72, and 
per quartile only 24.  
 
To maintain as much process data as possible, counting the complaints on a daily basis is 
considered first.  However, in Figure 14 it can be seen that there are some days having a very high 
number of complaints, causing the distribution to be skewed to the right. Those higher values 
could be regarded as outliers and be deleted, on the other hand, the outliers can be legitimate 
observations, providing the most interesting process information.  
 
By thinking in a more practical manner, it possible to already conclude that monitoring the 
complaints on a daily basis is not appropriate. This is because MR Best is not operational during 
the weekends. Only when a complaint needs immediate attention or the CHU has too many 
complaints to handle during the weekdays, complaints can be created on a Saturday or Sunday. 
Therefore, looking at the complaints per day gives a false representation of the process as the 
number of complaints would differ too much from day to day. An overview of the total complaints 
received by MR Best for each day of the week during 2012-2018 is given in Figure 17.  
 

Figure 165: Histogram monthly number of complaints Figure 156: Histogram quarterly number of complaints 

Figure 17: Total number of complaints per day of the week (2012-2018) 
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In addition to the difference in the inflow of complaints on working days and in the weekends, the 
plotting of complaints per day has another disadvantage. As Philips operates worldwide, and MR 
Best handles complaints from many different countries, the time differences can cause for 
ambiguity concerning the day the complaint is created. Hence, counting the total complaints on a 
daily basis is not a suitable option.  
 
To conclude, plotting the complaints per week seems an appropriate choice of subgroup size. This 
way the variation due to the differences of the days of the week is stabilized and not as much 
information is lost as when plotting the complaints per month or per quartile. In addition, the 
histogram of the weekly number of complaints (Figure 14) significantly improves the resolution 
of the distribution as it shows the data approximates a normal ‘bell’ curve, which many 
(traditional) control charts assume. Therefore, counting the complaints per week is selected as an 
appropriate subgroup size for control charting the total number of complaints.  
 

5.2 Type of data 
Multivariate data arises when observations are made on more than one variable (Devore, 2012). 
For example, a pipe manufacturer might determine the width and length in cm for each pipe made. 
Each observation would be a double of numbers, such as (120, 80). However, as complaints are 
measured by counts for all trend categories, univariate control charts can be used even when 
multiple categories are desired to be combined. For example, a specific first level symptom code 
and first level failure code can be monitored by counting the number of complaints being coded 
on both items. It is not needed to create a chart based on the vector of the two separate counts. 
Hence, the control chart selection is performed for univariate data.  
 
Numeric information will emerge from both counting and measurement. Measurement data can 
take on different values on a continuous scale. Data that arise from counting can occur only in 
discrete steps. Oakland (1987) gives the following example “there can be only 0, 1, 2, etc., 
defectives in a sample of 10 items, there cannot be 2.68 defectives”. Since the dataset consists of 
counts of complaints, which can only take on whole numbers, it can be classified as discrete or 
attribute data.   
 
As already described in the theoretical background, two types of attribute data exist; classification 
and count. In the first case, each item produced is either defective or non-defective (confirms to 
specification or does not). In the second case, a single item may have one or more defects, and the 
number of defects is determined. The statistical principles underlying the control chart for 
classification and count data are the binomial and Poisson distribution, respectively.  
 
To illustrate, the two discrete data scenarios for the situation at Philips are described. Following 
the classification approach, an MRI exam is either defective (it resulted in a complaint) or non-
defective (the MRI exam was successful). In this case, the P-chart, based on the binomial 
distribution, is to be used. The subgroup will be the unit of time (weeks) across the horizontal 
axis, while the percent or proportion of complaints would be plotted on the vertical axis. Another 
scenario is to consider the data as to be collected on the counts of complaints during a given week. 
Accordingly, since the number of MRI exams differs from week to week, the total number of 
complaints is divided by the total number of MRI exams. When counting the number of 
nonconformities, the U-chart is used. The slight difference compared to the first scenario is that, 
when the complaints are counted and not the number of ‘unsuccessful’ MRI exams, in theory, 
multiple complaints can come from a single MRI exam and the ratio can be larger than one; it is 
not a percentage.  
 
In short, the choice of Poisson or binomial distribution is determined by the manner in which the 
complaints are counted. As the Philips does not review each MRI exam performed, to be either 
successful or not, but considers the number of complaints in a given time period, the binomial 
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distribution appears to be more obvious.  Moreover, the CHU manager validated that, in theory, 
an MRI exam can result in multiple complaints. However, as this rarely happens in practice, the 
number of MRI exams containing complaints will not differ much from the number of complaints. 
In other words, the number of defectives is almost equal to the number of defects. Therefore, in 
the following steps, both the binomial and Poisson distribution are examined.  
 

5.3 Distributional analyses 
The determination of the distribution the data follows is done by fitting a variety of distributions 
to the data. Distribution fitting consists of choosing a probability distribution modeling the data, 
as well as finding the parameter estimates for that distribution. In other words, since 
observational data is available, the particular distribution it follows should be identified so that 
the manner in which the process variates over time and the appropriate type of control chart can 
be determined. Before fitting one or more distributions to a data set, it is necessary to choose good 
candidates among a predefined set of distributions. As the complaint data is of a discrete nature, 
a set of discrete probability distribution should be chosen as candidates. The discrete probability 
distributions that are most commonly used in statistics are the binomial, geometric, 
hypergeometric, multinomial, negative binomial, and Poisson distribution (Montgomery, 2009).  
 
To help choose which distributions describe the data best, the skewness and kurtosis are 
examined in this paragraph. Based on these descriptive statistics, a set of candidate distributions 
is chosen which are discussed and tested for goodness-of-fit. Moreover, the area of opportunity is 
added to the dataset. Finally, the data is checked for the two assumptions identified in the 
theoretical background, namely the dispersion and auto-correlation of the data.  
 

5.3.1 Skewness and kurtosis 
In quality control literature, the skewness and kurtosis are frequently inspected as the most 
appropriate measures of central tendency or dispersion depend somewhat on the shape of the 
distribution. Moreover, (Cowden, 1957) states “if a frequency distribution is to be fitted to sample 
data, in order to compare the former with the latter, it is often desirable to have the two 
distributions agree with respect to central tendency, dispersion, skewness, and kurtosis”. In 
addition, the probability of obtaining values within a given range depends partly upon the 
skewness and kurtosis of the distribution (Cowden, 1957) 
 
Skewness refers to asymmetry, while kurtosis literally means curvature. A non-zero skewness 
reveals a lack of symmetry of the empirical distribution, while kurtosis quantifies the weight of 
the tails in comparison to the normal distribution for which the kurtosis equals three. The 
skewness and kurtosis and their corresponding unbiased estimator from a sample are given by 
 

𝑠𝑘(𝑋) =
𝐸(𝑋 − 𝐸(𝑋))

3

𝑉𝑎𝑟(𝑋)3/2
,          𝑠�̂� =

√𝑛(𝑛 − 1)

𝑛 − 2
∙

𝑚3

𝑚2
3/2

 

 

𝑘𝑟(𝑋) =
𝐸(𝑋 − 𝐸(𝑋))

4

𝑉𝑎𝑟(𝑋)2
,          𝑘�̂� =

𝑛 − 1

(𝑛 − 2)(𝑛 − 3)
((𝑛 + 1) ∙  

𝑚4

𝑚2
2

− 3(𝑛 − 1)) + 3 

 
Where 𝑚2, 𝑚3, 𝑚4 denote the empirical moments defined by  
 

𝑚𝑘 =
∑ (𝑥𝑖 − �̅�)𝑘𝑛

𝑖=1

𝑛
 

 
With 𝑥𝑖 the 𝑛 observations of variable 𝑥 and �̅� their mean value (Casella & Berger, 2002). 
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Applying the formulas to the complaint data, with 𝑛, being the number of weekly complaint counts 
(=312) and �̅�, being the mean amount of weekly complaints (=74.05), results in the following 
 

𝑚1 = −6.92𝑒−15,      𝑚2 = 484.18,      𝑚3 = 4426.14,      𝑚4 = 742,989 
 

𝑠�̂� =
√312(312 − 1)

312 − 2
∙

4426.14

484.18
3
2

= 0.42 

 

𝑘�̂� =
312 − 1

(312 − 2)(312 − 3)
((312 + 1) ∙  

742,989

484.182
− 3(312 − 1)) + 3 = 3.19 

 
The skewness coefficient for a symmetric distribution is zero because the mean and the median 
are equal. For a positively skewed distribution, the mean is greater than the median because a few 
values are larger than the others; the skewness coefficient is a positive number (Mitra, 1998). 
With a skewness coefficient of 0.42, the complaint data is positively skewed, indicating a right tail. 
 
Kurtosis is a measure of the curvature of the dataset; it is also viewed as a measure of the 
‘heaviness’ of the tails of a distribution (Mitra, 1998). A normal distribution has a kurtosis value 
of three. The kurtosis value of 3.19 indicates that the complaint distribution is slightly more 
peaked than the normal. When kurtosis is preset, the tails of the distribution extend farther than 
the ± three standard deviations of the normal distribution. 
 
To help the choice of distributions to fit to the data, the skewness-kurtosis graph proposed by 
Cullen & Frey (1999) is provided in Figure 18. On this graph, the (squared) skewness and kurtosis 
values for common distributions are displayed. For some distributions there is only one possible 
value for the skewness and the kurtosis, thus, a single point on the plot represents the distribution. 
For other distributions, areas of possible values are represented, consisting in lines or larger areas 
(Cullen & Frey, 1999). Important to note is that skewness and kurtosis are known not to be robust, 
hence, the Cullen and Frey graph should be regarded as indicative only.  
 

 
Figure 18: Skewness-kurtosis plot complaint data 

 

The Cullen and Frey graph indicates that for the complaint data with a positive skewness, with a 
squared value of 0.17, and a kurtosis not far from 3, the distributions to be considered as 
candidates for fitting are the normal, negative binomial, and Poisson distribution. 
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5.3.2 Area of opportunity 
A distribution not considered in the Cullen and Frey graph is the binomial distribution. This is 
because no information is included in the dataset on the two parameters of the binomial 
distribution, being the probability of failure and the number of trials (see Appendix F for a detailed 
explanation). Currently, the CHU primarily uses P-charts, based on the binomial distribution. The 
probability of failure is then considered as the probability of a complaint resulting from an MRI 
exam and, hence, the number of trials is the number of MRI exams performed. As each MRI exam 
can possibly result in a complaint, it represents the area of opportunity as discussed in the 
theoretical background. However, since Philips does not have any documentation on the exact 
number of MRI exams performed, this number is estimated based on the installed number of MRI 
systems. For every quarter, being the subgroup size of the control charts currently used, the 
installed base figures are looked up. Together with the knowledge that, on average, fourteen 
patients are treated per system per day, the number of MRI exams can easily be calculated. 
 

𝑒𝑥𝑎𝑚𝑠𝑇 = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑛𝑟 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑝 𝑠𝑦𝑠𝑡𝑒𝑚 𝑝 𝑑𝑎𝑦 ∙ 𝑛𝑟 𝑑𝑎𝑦𝑠 𝑖𝑛 𝑇 ∙ 𝑛𝑟 𝑖𝑛𝑠𝑡𝑎𝑙𝑙𝑒𝑑 𝑠𝑦𝑠𝑡𝑒𝑚𝑠 𝑖𝑛 𝑇  
 
With T being the time period for which the amount of MRI exams is needed. For the dataset of this 
thesis research, containing weekly counts of complaints, the number of exams per week can be 
calculated by ranging  𝑇 from 1 to 312 weeks. The number of days in 𝑇 is seven for each 𝑇, as there 
are seven days in a week. Based on this information, the binomial distribution can be fitted to the 
data. To get an understanding of the number of MRI systems installed by Philips, the average 
number of systems per year is presented in Table 4.  
 

Year 2012 2013 2014 2015 2016 2017 
Nr systems 7238 7944 8307 8470 9007 9396 

Table 4: Installed base figures (2012-2018) 

Thus, the number of exams performed in 2012 can be calculated as follows 
 

𝑒𝑥𝑎𝑚𝑠2012 = 14 ∙ 360 ∙ 7238 = 36,479,520 
 
However, the probability of a complaint resulting from an MRI exam is very low, namely 
0.009002% (see Appendix F). Therefore, plotting the percentages on a P-chart, results in a control 
chart containing very small numbers; each observation is the complaint count divided by a large 
number of MRI exams. This effect is even larger for control charts on smaller trend categories 
when the probability represents not only the chance of a complaint resulting from an MRI exam, 
but also of the complaint falling within the specific trend category. To illustrate, the P-chart of Q4 
2017 on the first level symptom code 2EN16 is presented in Figure 19. 
 
 

 
Figure 19: P-chart 2EN16 
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Figure 19 shows the difficulty in interpreting the small numbers, hence, what does a shift from 
0.0000002 to 0.0000003 mean for the increase in absolute numbers of complaints? By using the 
number of MRI systems, instead of MRI exams, the numbers are increased without making a 
difference in the underlying changes, as the number of MRI exams is already based on the number 
of MRI systems. The probability of a complaint resulting from an MRI system is equal to 0.8822%. 
Therefore, the number of MRI systems instead of MRI exams is used as the representation of the 
varying area of opportunity.  
 

5.3.3 Chi-square goodness-of-fit test 
Thus far, four candidate distributions have been identified that might provide a good fit to the 
observed data, namely the normal, Poisson, negative binomial, and binomial distribution. The goal 
of fitting theoretical distributions to the complaint data is to be able to accurately predict the 
actual frequency of the counts of complaints per week.  
 
The frequency distribution of the complaint data and the pattern it takes on can be inspected by 
plotting the histogram. The histogram, presented in Figure 20, shows the number of weeks 
containing a certain number of complaints. In order to better present the frequency distribution, 
a density curve is added to the histogram. A density plot is a smoothed, continuous version of a 
histogram estimated from the data. The density curve shows the probability of the data, hence, it 
is also termed the probability density function.  
 

 
Figure 20: Histogram and density plot complaint data 

 
Before the candidate distributions can be fitted to the probability density function of the 
complaint data, the distributional parameters have to be estimated. Distributional parameters are 
the numerical characteristic describing the distribution. In Appendix F, candidate distributions 
are discussed in detail and the distributional parameters are estimated. Accordingly, the expected 
frequencies from the theoretical distribution can be calculated and compared to the observed 
frequencies of the complaint data. This inspection of the difference between the observed 
frequency and the expected frequency from a theoretical distribution is called a test of goodness-
of-fit  (Devore, 2012). The null hypothesis of the goodness-of-fit test is given as  
 

𝐻0: 𝐹(𝑥) = 𝐹0(𝑥) 
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Where 
- 𝐹(𝑥) is the distribution function of the random variable 𝑋; 
- 𝐹0(𝑥) is some specified cumulative frequency distribution function. 

 
In order to apply the chi-square (Χ2) goodness-of-fit test, the sample data is divided into 𝑘 
intervals. Then, the number of data points (Oi) in each interval is counted (Wang, Li, & Xue, 2018). 
Accordingly, the expected frequency counts (𝐸𝑖) at each interval is equal to the sample size (𝑛) 
times the hypothesized proportion of observations from the null hypothesis for each interval (𝑝𝑖) 
(Wang et al., 2018). Hence, 𝐸𝑖 = 𝑛 ∙ 𝑝𝑖.  
 
The number of intervals, 𝑘, in the complaint dataset ranges from the week with the least complaint 
counts, which is 24, to the week with the most complaint counts, which is 139. Hence, 𝑂1 is equal 
to the number of weeks containing 24 complaints, which is equal to one. Accordingly, the expected 
frequencies are calculated by multiplying the sample size, which is the total amount of weeks in 
the dataset, with the expected proportions of the observations based on the theoretical 
distribution. Hence, 𝐸1 is equal to 312 times the estimated proportion of weeks having 24 
complaints.  
 
In the statistical software program R, the expected proportions of the normal, Poisson, binomial, 
and negative binomial distributions are calculated based on the parameter estimations provided 
in the Appendix F. Accordingly, the expected proportions are multiplied by the total sample size 
(312 weeks) resulting in the expected frequencies for all four distributions. The expected 
frequencies from the candidate distributions are plotted against the complaint histogram to 
inspect the fit visually. This is presented in Figure 21. 
 

 
Figure 21: Fitted normal, Poisson and negative binomial distribution 
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The expected frequencies of the Poisson and binomial distribution are almost exactly equal, with 
only some negligible differences on the fifth decimal number. Therefore, when plotting both 
distributions on the histogram, the lines overlap completely. Because the Poisson distribution is 
simpler to implement in practice – it only depends on one parameter – and is, in theory, more 
appropriate (see paragraph 5.2) the binomial distribution is disregarded in the further analyses.   
 
Moreover, Figure 21 already shows that the Poisson distribution predicts a much higher peak than 
is observed in the complaint data. The normal and negative binomial distribution seem to be a 
better fit. To analyze this, the Χ2 is performed. The test statistic is a chi-square random variable 
Χ2 defined by the following equation (Wang, Li, & Xue, 2018; Cowden, 1957) 
 

Χ2 = ∑
(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖

𝑘

𝑖=1

 

 
Where 

- Χ2 is the Person’s cumulative test statistic;  
- 𝑂𝑖 is the observed frequency; 
- 𝐸𝑖  is the expected theoretical frequency; 
- 𝑘 is the number of intervals. 

 

The Χ2 is assumed to have a chi-square distribution with v degrees of freedom (Χ𝑣
2) where v is 

equal to the number of frequencies reduced by the number of parameters of the fitted distribution 

(Wang et al., 2018). The critical region for the test is Χ2  ≥  Χ𝑣,𝛼
2, where Χ𝑣

2 is selected so that the 

probability that Χ2  ≥  Χ𝑣,𝛼
2 is 𝛼 under the null hypothesis (Wang et al., 2018). Alpha (𝛼) is the 

significance level, which is the probability of rejecting the null hypothesis when it is true. In 
statistics, an alpha of 0.05 is predominantly used, therefore, it is chosen as the alpha for this 
research as well (Montgomery, 2009). Hence, when the value of Χ2 falls within the critical region, 
the null hypothesis is rejected and we conclude that there is a significant difference between the 
observed and expected frequency. Accordingly, the p-value can be calculated, which is the 
probability of Χ2 falling within the critical region. When the p-value ≤ 0.05, the observed data are 
statistically different from the expected values, and the null hypothesis is rejected. A p-value ≥ 
0.05 provides strong evidence for the null hypothesis. The results of the Χ2 goodness-of-fit tests 
are presented in Table 5. 
 

Data &  
sample size  

Distribution Parameters 𝝌𝟐 statistic  P-value  

Weekly number 
of complaints 
2012-2018 
 
 𝑛 = 312 

Normal μ = 74.05 
σ2 = 485.74  

141.1083 
 

0.0495 
 

Poisson λ = 74.05 1302078402 0 
Negative 
binomial 

k = 12.99 
p = 0.86 

124.9632  
 

0.2474 
 

Table 5: Results chi-square goodness-of-fit tests 

 
For all considered distributions, the test only rejects the null hypothesis that the data were 
generated from the Poison distribution. The negative binomial and normal distribution both seem 
to be a good fit to the data (p≥0.05), with the negative binomial distribution being preferable as it 
has quite a high p-value.  

 
An important note on the normal distribution is that it is a continuous probability distribution. 
Discrete or attribute data can approximate normality when the sample size 𝑛 is large. This can be 
explained by the central limit theorem, stating that the sum of 𝑛 independently distributed 
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random variables is approximately normal, regardless of the distributions of the individual 
variables (Montgomery, 2009). Since the sample size of the complaint dataset is large (312), the 
normal distribution provides a good fit. Therefore, the Shewhart I-chart, originally for normally 
distributed continuous data, could be applied. However, the true distribution of the counts of 
complaints remains discrete. Hence, when complaints are counted on a shorter time period or on 
specific trend categories, the sample size will decrease and the normal distribution will be less 
appropriate. Therefore, the normal distribution is disregarded. 
 

5.3.4 Over-dispersion 
Over-dispersion is the presence of greater variability in the data than would be expected from the 
modeled distribution  (Mitra, 1998). Over-dispersion is often encountered when fitting simple 
parametric models, such as the Poisson distribution. The Poisson distribution depends on a single 
parameter λ, which is the means as well as the variance, and does not allow for the variance to be 
adjusted independently of the mean. In the complaint dataset, however, the mean is not equal to 
the variance. In such situations, one potential approach is to use the binomial (or Bernoulli) 
distribution when the mean is greater than variance (a case of under-dispersion) or the negative 
binomial (or geometric) distribution, when the mean is smaller than variance (a case of over-
dispersion) (Saghir & Lin, 2015). 
 

To inspect the dispersion of the complaint data, the variance to mean ratio is calculated   
 

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑡𝑜 𝑚𝑒𝑎𝑛 𝑟𝑎𝑡𝑖𝑜 =
𝜎2

𝜇
=

485.74

74.05
= 6.56 

 
Hence, our data is (very) over-dispersed. The application of a Poisson model for over-dispersed 
data increases the false alarm rate as the high variation of the data is not expected by the Poisson 
distribution and hence identified as a trend (Saghir & Lin, 2015). To monitor such data, a 
reasonable approach is to use the negative binomial distribution as discussed by Xie, Goh, & 
Kuralmani (2000), Albers (2010), Schwertman (2005), Sparks, Keighley, & Muscatello (2011), and 
Zhang, Xie, & Jin (2012). As the mean of the negative binomial distribution is 𝑝𝑟/(1 − 𝑝), and the 
variance is 𝑝𝑟/(1 − 𝑝)2, the variance to mean ratio expected by the negative binomial distribution 
can be calculated as follows 
 

𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑏𝑖𝑛𝑜𝑚𝑖𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑡𝑜 𝑚𝑒𝑎𝑛 𝑟𝑎𝑡𝑖𝑜 =
𝑝𝑟/(1 − 𝑝)

𝑝𝑟/(1 − 𝑝)2
=

1

(1 − p)
 

 
As the estimated value of p is 0.86, this results in an expected variance to mean ratio of 7.14, which 
comes very close to the true variance to mean ratio of 6.56. Therefore, the negative binomial 
distribution seems to describe the complaint data very well in terms of dispersion. This is also 
supported by the findings in the previous sub-paragraph. 
 
Finally, as the normal distribution has variance as a parameter, any data can be modeled with a 
normal distribution with the exact variance. Thus, in absence of an underlying model, there is no 
notion of data being over-dispersed relative to the normal model. 

 

5.3.5 Auto-correlation  
A standard assumption of the traditional control chart is that observations taken over time from 
the process under investigation are IDD. However, this assumption is often violated due to the 
presence of auto-correlation or serial dependence, inherent to the process. In autocorrelated data, 
a value above the mean tends to be followed by another value above the mean, whereas a value 
below the mean is usually followed by another such value (Montgomery, 2009). This produces a 
data series that has a tendency to move in moderately long ‘runs’ on either side of the mean. A 
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typical effect of the presence of auto-correlation is that it produces bias estimators of the process 
standard deviation, and it would make the control limits tighter than expected (Ulkhaq & 
Dewanta, 2017). The tight control limits can cause a higher false alarm rate and increase the time 
required to detect changes in the process (Ulkhaq & Dewanta, 2017). Therefore, the presence of 
auto-correlation when designing control charts should not be ignored. 
 
A time series 𝑋 = {𝑥1,  𝑥2, … } is said to show auto-correlation is there is correlation between the 
lagged values of the time series (Cowden, 1957). The auto-correlation coefficient 𝑟1 is the 
correlation coefficient of lag 1, i.e. it measures the linear relationship between 𝑥𝑡 and 𝑥𝑡−1 for all 
time 𝑡. Moreover, the sample auto-correlation function is (Montgomery, 2009)  
 

𝑟𝑘 =
∑ (𝑥𝑡 − �̅�)(𝑥𝑡−𝑘 − �̅�)𝑛−𝑘

𝑡=1

∑ (𝑥𝑡 − �̅�𝑛
𝑡=1 )^2 

 

 
Where 𝑘 is the number of lags for which the auto-correlation coefficient is calculated.  
 
Generally, 𝑟𝑘 should be calculated for a few values of 𝑘; 𝑘 ≤ 𝑛/4. Hence, 𝑟1 to 𝑟78 are calculated. 
When the auto-correlation coefficients of different lags are close to zero, the time series is not 
autocorrelated. The limits within which the auto-correlation coefficient is still deemed close 

enough to zero, are ± 2/√𝑇, where 𝑇 is the length of the time series (Montgomery, 2009). As the 
complaint dataset contains counts over 312 weeks, the auto-correlation coefficient limits are 
±0.113. In Figure 22, the sample auto-correlation (covariance) function (ACF) of 𝑋 is presented.  
 

 
Figure 22: Auto-correlation plot of weekly complaint counts (2012-2018) 

At lag = 0, the ACF value is always 1, as it measures the linear relationship of the time series with 
itself.  For the other lags, we see some small peaks of positive auto-correlation. However, as the 
auto-correlation is low, it can reasonably be assumed that it is not enough to severely distort 
control chart performance. Independence is important for the control chart as when the 
observations are autocorrelated, an increase in complaint count in one week will lead to an 
increase in the next week as well, making it impossible to identify true trends in the data and 
identify structural problems causing for changes in variation.    
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6. Control chart construction and evaluation 

In the previous chapter, the key considerations for control chart selection are taken into account 
by conducting a thorough analysis of the complaint data. The result is a comprehension of the data 
and selection of best fitting candidate distribution distributions on which the control chart should 
be based. The next step is the construction and evaluation of the control chart. 
 
In 1924, Walter Shewhart invented the control chart. The basic concept of the control chart is that 
if in a process the only sources of variation are by chance, then the variation plotted against time 
will behave in a random manner (Murdoch, 1979). Generally, in the case of attribute data, the 
random variation will form a binomial or Poisson distribution, and in the case of variable data, a 
normal distribution. The knowledge of this behavior of processes is the basis of control chart 
theory; thus if the data do not behave in this random manner, then assignable factors are present.  
 
So far, the data is determined to be univariate, attribute, and independently distributed. Moreover, 
four probability distributions are fitted to the data of which two finalists – the Poisson and 
negative binomial – are considered for the control chart. In this chapter, control charts for the 
candidate distributions based on Shewhart’s theory are constructed. Next, an important control 
charts design parameter, being the control limit distance, is inspected. Hereafter, the control 
charts are refined and evaluated, undergoing structured testing. Finally, guidance is provided on 
the process of selection, refinement, and evaluation of control charts for the other trend categories 
of the CHU. The output of Chapters 5 and 6 together present a prototype of the process model for 
control chart selection and refinement, which is the artifact designed in this thesis research. 
Accordingly, the process model is designed and presented in Chapter 7. 
 

6.1 Shewhart’s general control chart model 
Shewhart (1924) introduced a general model for the control chart, which can be defined as 
follows. Let 𝑤 be a sample statistic that measures some quality characteristic of interest, and 
suppose that the mean of 𝑤 is 𝜇𝑤 and the standard deviation of w is 𝜎𝑤 (Montgomery, 2009). Then 
the center line, the UCL, and the LCL become 
 

𝑈𝐶𝐿 = 𝜇𝑤 + 𝐾𝜎𝑤   
𝐶𝑒𝑛𝑡𝑒𝑟 𝑙𝑖𝑛𝑒 = 𝜇𝑤 
𝐿𝐶𝐿 = 𝜇𝑤 − 𝐾𝜎𝑤 

 
Where 𝐾 is the distance of the control limits from the center line, expressed in standard deviation 
units.  
 
However, when the area of opportunity changes over time, resulting in a different failure rate, this 
should be accounted for in the control chart. In this case, the proportion of defects/defectives 
relative to the sample size at the measured times is monitored instead of the absolute counts 
(Shewhart, 1931). In this case, the center line, the UCL, and the LCL become 
 

𝑈𝐶𝐿𝑖 = 𝜇𝑤 + 𝐾√
𝜎𝑤

2

𝑛𝑖
  

𝐶𝑒𝑛𝑡𝑒𝑟 𝑙𝑖𝑛𝑒 = 𝜇𝑤 

𝐿𝐶𝐿𝑖 = 𝜇𝑤 − 𝐾√
𝜎𝑤

2

𝑛𝑖
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Where 

- 𝜇𝑤 is the mean proportion, being the total number of defects/defectives divided by the 
total subgroup sample sizes 

- 𝜎𝑤 is the standard deviation based on the proportional data 
- 𝑛𝑖 is the sample size of the 𝑖th subgroup 

 
The generic control chart founded by Shewhart can be applied to a variety of probability 
distributions. However, each distribution refers to a different theoretical model based on different 
parameters. Hence, the calculation of the control limits varies. By identifying the mean and 
variance of the candidate distributions, being the Poisson and negative binomial distribution, the 
generic control chart of Shewhart can easily be adapted. Moreover, 𝑛𝑖 represents the number of 
MRI systems installed in the weeks in the dataset, ranging from 1 to 312. An overview of the mean, 
variance, and corresponding control limits for the two distributions is presented in Table 6.  
 

Distribution Mean (𝝁𝒘) Variance (𝝈𝒘
𝟐) Control limits 

Poisson λ λ 

λ ± 𝐾√
λ

𝑛𝑖
 

Negative binomial pk

1 − p
 

pk

(1 − p)2
 pk

1 − p
± 𝐾√

pk

𝑛𝑖(1 − p)2
 

Table 6: Control limits Poisson and negative binomial distribution 

 
Note that, in Table 6, the design of the generic Poisson control chart is the same as the Shewhart 
U-chart. Moreover, many existing negative binomial based control charts in literature are also of 
the Shewhart-type because they use the similar model for control limit construction. Hence, 
popular negative binomial charts, such as the CCC and CCC-r chart (Noskievicová, Jarošová, & 
Brodecká, 2015), are identical to the negative binomial chart constructed in Table 6. Interestingly, 
it seems that after many years of new developments in the area of statistics and computational 
possibilities, the Shewhart charts developed in 1924 are still used as the foundation of most 
existing control charts.  
 

6.2 Control limit distance 
The next important step in the construction of a control chart is how to set the distance of the 
control limits, K, so that changes in the underlying process that produces the data are detected.  
To achieve this, any potential signals of a process change must be separated from the probable 
noise of routine process variation (Neave & Wheeler, 1996). Two approaches exist for this 
purpose, namely the probability and the three-sigma approach. Both are discussed below.  

 
If the probability distribution the process follows is known, a straightforward approach to 
computing the control limits can be used. Namely, a proportion, 𝑃, of the routine variation that is 
to be filtered out as probable noise must be chosen. Accordingly, the limits are set to points 𝐴 and 
𝐵 that define the central proportion 𝑃 under the probability distribution 𝑓(𝑥) (Neave & Wheeler, 
1996). This is shown in the following equation: 
 

∫ 𝑓(𝑥) 𝑑𝑥 = 𝑃
𝐵

𝐴

 

 
Since these limits depend upon the probability 𝑃, the control limits found in this way are known 
as probability limits. How the critical values 𝐴 and 𝐵 define the central area 𝑃 for a probability 
model 𝑓(𝑥) is shown in Figure 23. 
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Figure 23: Central proportion under probability distribution f(x) 

 
However, Shewhart (1924) states that the probability distribution is never known in sufficient 
detail to set up such limits. A distribution can be fitted to the data, however, it only approximates 
the real process and its parameters can only be estimated from the data. Therefore, rather than 
choosing the value for 𝑃, he argues that fixed, generic values of 𝐴 and 𝐵 should be used so that 
they automatically result in a value for 𝑃 that is close to 1, regardless of the probability 
distribution (Neave & Wheeler, 1996). To this end, Shewhart created the control chart with three-
sigma limits. He felt this was the best tradeoff between making two opposite errors: either 
deciding a special cause was present when there was none (Type I error) or deciding that no 
special cause was present when one was actually present (Type II error) (Raymond G Carey, 
2002). Several decades of experience in a whole range of application domains, including 
healthcare, has shown that three-sigma limits are indeed useful (Mohammed et al., 2008) 
 
The Shewhart three-sigma limits are easy to implement; the value of K simply needs to be set 
equal to three. The probability control limits are somewhat more complex, as the central 
proportion 𝑃 under the probability distribution function needs to be calculated. The three-sigma 
limits cover 99.73% of the data in a normal distribution (Anjard, 1995). Therefore, the same error 
proportion of 0.27% is often used in the probability approach so that, while the process is in 
control, there is a 0.135% chance that a point will lie above the UCL and the same small chance 
that it will lie below the LCL. Hence, to be able to fairly compare the three-sigma and probability 
limits, the value of 𝑃 is set at 0.9973.   
 
To calculate the distance of the control limits for the probability approach, being the value of K, 
the probability limits based on fixed sample sizes, disregarding 𝑛, are calculated. Based on the 
control limits resulting from these calculations, the value of K can be extracted. The calculations 
for the Poisson distribution are as follows  
 

∫ 𝑓(𝑥) 𝑑𝑥 = 1 − 0.00135
𝑈𝐶𝐿

1

 

𝜆𝑥

𝑥!
∫ 𝑒−𝜆

𝑈𝐶𝐿

1

 𝑑𝑥 =   0.99865 

 
This can be solved in R, resulting in an UCL of 100. Accordingly, the LCL is calculated by setting 
the desired probability to 0.00135 and letting the integral range from one to LCL. This results in a 
LCL of 48. Next, based on the formula for the control limits of the Shewhart chart, stated in 
paragraph 6.1, we can calculate the multiplier K. 
 

UCL𝑛𝑜𝑟𝑚𝑎𝑙 = 𝜆 + 𝐾√𝜆 = 74.05 + 𝐾√74.05 = 100 

LCL𝑛𝑜𝑟𝑚𝑎𝑙 = 𝜆 − 𝐾√𝜆 = 74.05 − 𝐾√74.05 = 48 
 
Hence 
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𝐾 =
100 − 74.05

√74.05
=

−(48 − 74.05)

√74.05
= 3.13 

 
Reiterating this process for the negative binomial distribution results in a K value of 3.77. The 
value of the multiplier K is the same for the control charts based on a varying sample size. For the 
Poisson distribution, there is almost no difference between the control limits for the three-sigma 
and probability approach, However, for the negative binomial distribution, the value of K for the 
probability approach is much larger (3.77) compared to Shewhart’s three sigma-limits. An 
overview of the control charts of the candidate distributions for three-sigma and probability limits 
is presented in Appendix G. 
 
As the three-sigma limits are more robust, not relying on the probability distribution underlying 
the process that generates the data, and as they have proven to work over the years, the three-
sigma limits are used for the control chart design in this thesis research. 
 

6.3 Control chart construction  
Now that the control limits for the candidate distributions and the appropriate control limits are 
determined, the control charts for the Poisson and negative binomial distribution can be 
constructed and evaluated. The control charts of the weekly proportion of complaints 
(count/number of MRI systems) are presented in Figure 24. The green lines show the three-sigma 
control limits of the negative binomial chart, the blue lines of the Poisson chart.  
 

 
Figure 24: Generic Shewhart control charts – candidate distributions 

 
Figure 24 clearly shows that the control limits for the negative binomial distribution are very 
wide. Based on these limits, no trends would have occurred at all in the period of 2012-2018. After 
a thorough search in literature, this effect can be explained by the following reason; the complaint 
data does not represent an in-control process. 
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The complaint dataset, containing complaint counts from 2012 until 2018, consists of ‘raw’ data. 
All complaints are included in the dataset, hence, the data depicts both the normal process 
variation and the trends, caused by assignable causes or non-random variation. However, many 
control charts assume that the data for which the control chart is constructed is ‘in statistical 
control’. When such data is available, the mean and variance can be estimated by considering a 
long period of time during which the process is in control. This way, if an observed value of the 
process falls outside the control limits of the chart, it truly indicates a shift outside of the expected 
random variation of the in-control process and a search for an assignable cause should commence.  
 
As the candidate distributions are fitted to data of an out-of-control process, the control charts 
based on the best fitting probability distribution, the negative binomial distribution, allows for too 
much variation: it considers the trends present in the data as part of the normal process variation. 
Therefore, the control chart only gives signals when there is an even ‘more’ out-of-control 
situation. Further inspecting the problem of the construction of a control chart with out-of-control 
data finds that two phases of control charting are described in literature, namely phase I and phase 
II applications.  
 
In phase II, a ‘clean’ set of process data gathered under stable conditions is available, representing 
in-control process performance (Montgomery, 2009). Accordingly, the control chart can be 
determined based on the distribution the in-control process follows, as is done in this thesis 
research in Chapter 5, to enable detection of small deviations from the in-control situation. In 
phase I, out-of-control process data is analyzed. Control limits are calculated based on the data 
and points that are outside the control limits are investigated and excluded when determined to 
be truly out-of-control. Accordingly, the control limits are re-calculated and new data is collected 
to plot on the revised control chart. Iterating these steps the ‘raw’ data is transformed into a 
dataset that represents in-control process performance, used in phase II (Montgomery, 2009). 
 
To conclude, based on Figure 24 and the literature findings on phase I and II control charting, it 
seems that fitting a distribution is not appropriate for the complaint data. When a distribution 
closely models the raw data, too much variation is allowed as the data already includes the trend 
signals that should be detected. Hence, a classical Shewhart control attribute chart, based on 
either the binomial or Poisson distribution, should be used. When the CHU then follows the phase 
I steps, removing control chart signals and recalculating control limits over a period of time, a 
viable complaint dataset can be achieved to fit a distribution to and, accordingly, construct a more 
sensitive, advanced control chart for. 
  

6.4 Final control charts 
As stated in the previous paragraph, at this point in the thesis research, having data only 
appropriate for phase I control charting, the classical Shewhart control charts serve best. 
Therefore, the classical U-chart, based on the Poisson distribution is selected. Another option 
might be the P-chart, based on the binomial distribution. However, Chapter 5 already proved that 
the difference is minimal and thus, as the Poisson distribution is easier to implement, it provides 

the better option. The Shewhart U-chart, with the upper and lower control limits set at λ ± 3√λ/𝑛𝑖 

(see Table 6), is presented in Figure 25. 
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Figure 25: Shewhart's U-chart 

 
The U-chart already seems to provide more appropriate trends, generating both UCL and LCL 
signals. In total, the control chart identifies 63 trends from 2012-2018, which is equal to about 
eleven trends each year.  
 
The increasing emphasis on variability reduction and process improvement, along with the 
success of the basic methods, has led to the development of many new control chart techniques 
(Montgomery, 2009). Two techniques that are appropriate in Phase I application (but even more 
useful in Phase II) are the CUSUM and EWMA control chart. These procedures are not really new 
since they date from the 1950s, but they are generally considered somewhat more advanced 
techniques than the Shewhart charts. Hence, the two control charts are inspected in the following 
two subparagraphs. Accordingly, the three different control charts (U, EWMA, and CUSUM) can be 
evaluated.  
 

6.4.1 EWMA chart 
The EWMA control chart is a good alternative to the Shewhart control chart when small shifts are 
interesting to detect (Devore, 2012). The performance of the EWMA control chart is 
approximately equivalent to that of the CUSUM chart. The plotted value, being the exponentially 
weighted moving average, is defined as 
 

𝑧𝑖 = 𝑤𝑥𝑖 + (1 − 𝑤)𝑧𝑖−1 
 
Where  

- 0 < 𝑤 ≤ 1 is the weight applied to past observations; 
- 𝑧0 is the starting value (required with the first sample at 𝑖 = 1), which is often equal to the 

average of the data �̅� (Hawkins & Olwell, 1998). 
 
A common value for 𝑤 is 0.2. Then the weight assigned to the current sample mean is 0.2 and the 
weights given to the preceding means are 0.16, 0.128, 0.1024, and so forth (Oakland, 1987). The 
EWMA control chart is constructed by plotting 𝑧𝑖  versus time. The control limits for the EWMA 
control chart (Montgomery, 2009) are equal to 
 



44 
 
 

𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑙𝑖𝑚𝑖𝑡𝑠 =  𝜇0 ± 𝐾√
𝜎2

𝑛𝑖

𝑤

(2 − 𝑤)
(1 − (1 − 𝑤)2𝑖) 

 
Where the factor K is the width of the control limits, which is set the same as for the U-chart, 
namely at three. Note that the term (1 − (1 − 𝑤)2𝑖) approaches infinity as 𝑖 gets larger 
(Montgomery, 2009). This means that after the EWMA control chart has been running for several 
time periods, the control limits will approach steady-state values given by 
 

𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑙𝑖𝑚𝑖𝑡𝑠 =  𝜇0 ± 𝐿√
𝜎2

𝑛𝑖

𝑤

(2 − 𝑤)
 

 
The EWMA chart for the complaint data, based on the Poisson distribution with 𝜇0 = 𝜎2 = λ, is 
presented in Figure 26.  
 

 
Figure 26: EWMA Chart 

 

6.4.2 CUSUM chart 
The CUSUM chart directly includes all the information in the sequence of observations by plotting 
the cumulative sums of the deviations of the observations from a target value (Montgomery, 
2009). For example, suppose that 𝑛 samples are collected, and 𝑥𝑖 is the count of the 𝑖th sample. 
Then if 𝜇0 is the target for the process mean, the cumulative sum control chart is formed by 
plotting the quantity  (Montgomery, 2009) 
 

𝐶𝑖 = ∑(

𝑛

𝑖=1

𝑥𝑖 − 𝜇0) 

 
Against the sample number 𝑖, where 𝐶𝑖 is the cumulative sum up to and including the 𝑖th sample. 
Because CUSUM charts combine information from several samples, they are more effective than 
Shewhart charts for detecting small process shifts (Montgomery, 2009). Note that, if the process 
remains in control at the target value 𝜇0, the cumulative sum is a random pattern with mean zero. 
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However, if the mean shifts upward or downward to some value, i.e. 𝜇1 > 𝜇0 or 𝜇1 < 𝜇0, then a 
drift in 𝐶𝑖 will develop, resulting in a control chart signal (Montgomery, 2009).  
 
To construct the CUSUM chart, let 𝑥𝑖 be the 𝑖th observation on the process and 𝜇0 is the target 
value for the quality characteristic 𝑥 (Montgomery, 2009). If the process drifts or shifts off this 
target value, the CUSUM chart will signal. The one-sided upper and lower CUSUMs, to be plotted 
on the chart, work by accumulating derivations from 𝜇0 that are above target with one statistic 𝐶+ 
and accumulating derivations from 𝜇0that are below target with another statistic 𝐶− 
(Montgomery, 2009. The statistics 𝐶+ and 𝐶− are computed as follows (Montgomery, 2009) 
 

C𝑖
+ = max[0, 𝑥𝑖 − (𝜇0 + 𝐾) +  C𝑖−1

+ ] 
C𝑖

− = min[0, 𝑥𝑖 − (𝜇0 − 𝐾) +  C𝑖−1
− ] 

 

Where  
- the starting values, C0

+ and C0
− are equal to zero; 

- K is the reference value. 
 
Note that C𝑖

+ and C𝑖
− accumulate deviations from the target value 𝜇0 that are greater than 𝐾, with 

both quantities reset to zero on becoming negative (Montgomery, 2009). If either C𝑖
+ or C𝑖

− 
exceeds the decision interval H, the process is considered to be out of control. Hence, the values 
of H represent the control limits of the CUSUM chart. The proper selection of 𝐾 and H is important 
as it directly impacts the performance of the CUSUM chart. Montgomery (2009) recommends 
defining H = hσ and K = kσ, with h = 4 or 5 and k = 0.5, to obtain optimal performance. Hence, 
a h equal to five and k equal to 0.5 are selected for the CUSUM. 
 
Finally, the CUSUM chart is constructed by plotting C𝑖

+ and C𝑖
− versus the sample number, being 

the 312 weeks of the dataset. A great benefit of the CUSUM control chart is that it can be precisely 
determined when the assignable cause has occurred. This is done by counting backward from the 
out-of-control signal to the time period when the CUSUM lifted above zero. This point indicates 
the first period following the process shift and thus the root of the change. The CUSUM chart for 
the complaint data, based on the Poisson distribution with 𝜇0 = 𝜎2 = λ, is presented in Figure 27.  
 

 
Figure 27: CUSUM chart 
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6.5 Performance testing 
In the previous paragraph, three control charts have been constructed based on the selected 
Poisson distribution, namely the Shewhart U-chart, the EWMA chart, and the CUSUM chart. All 
three charts are set up to detect increases and decreases in the weekly count of complaints at the 
CHU, compensated for the changing number of MRI systems over time. Measuring the 
performance of the control charts is difficult as most known performance measures are based on 
known out-of-control and in-control phases in the data. The performance assessment then 
involves the expected or average run length needed to observe an out-of-control signal. When the 
process is in control, as many samples should be observed before seeing one outside of the control 
limits (Devore, 2012). On the other hand, if a process goes out of control, the expected number of 
samples necessary to detect this should be small. However, for the complaint data, the positions 
of the out-of-control signals are not known and it is therefore impossible to identify if a signal is 
truly a trend or simply a false alarm.   
 
A set of performance tests that can be performed is the inspection of the differences in the kinds 
of signals the control charts identify. Hence, introducing a set of ‘artificial’ trends in the data, the 
time needed to observe it can be compared. The tests are observed on the control chart currently 
in use by the CHU, namely the Shewhart P-chart, and the three newly constructed control charts 
in this thesis research. This way, the improvements can be inspected. It is important to note that 
the P-chart used to be performed quarterly, instead of weekly, and based on the number of MRI 
exams performed over time, instead of the number of MRI systems. However, to enable 
comparison, the P-chart is plotted in the same manner as the new control charts. Finally, the 
performance tests focus mainly on the UCL signals, as these are of greatest importance to the CHU. 
An increase in complaints should be spotted as fast as possible before more (serious) incidents 
occur. A decrease in complaints is in principle a positive change, it could indicate smaller problems 
such as wrong coding or too many open complaints in the monitored period.  
 
First, the trends detected by the four control charts in the period 2012 till 2018 are compared. 
The signals of the new control charts can already be seen in Figures 25, 26, 27. In Table 7, an 
overview of the total and types of trends detected by the different control charts is presented.   
 

Trends  P-chart U-chart EWMA chart CUSUM chart 
UCL signal 35 35 45 164 
LCL signal 28 28 44 97 
Total 63 63 89 261 

Table 7: Trends identified during 2012-2018  by the P-, U-, EWMA, and CUSUM chart 

 
Because the P- and U-chart both plot the number of complaints per MRI system and because the 
Poisson and binomial distribution are approximately equal due to the low probability of a 
complaint resulting from an MRI system, the differences between the two charts are minimal. As 
a result, exactly the same trends are detected. Moreover, as expected, the EWMA and CUSUM 
charts detect much more trends, with the CUSUM chart the most. The number of trends identified 
by the CUSUM chart seems very high, but note that the control charts analyze the data over a 
period of six years. In practice, only half a year worth of data, maybe a few years for smaller trend 
categories, will be plotted. This makes the number of trends identified much more reasonable to 
act upon. When only considering the year 2017 for example, the P-, U- and EWMA chart detect five 
UCL signals and the CUSUM chart eleven. Finally, not only the number of trends identified by the 
control charts differ but also the weeks in which the trends are identified vary quite a lot.  
 
To inspect which kinds of patterns and increases in the complaint data are best detected by which 
control charts, a set of tests is developed and performed in this paragraph. First, a small, slowly 
increasing trend is inspected by continuously increasing the previous observation by a small 
number. This is presented by the following formula 
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𝑥𝑖 = 𝑥𝑖−1 + 𝑋 

Where 
- 𝑥𝑖 is the 𝑖th new observation added to the dataset; 
- 𝑋 is the chosen increase. 
 

The value of 𝑥0 is set equal to the last value of the ‘true’ dataset, which is the last week of 2017, 
having a complaint count of 64. The increase 𝑋 is started at a value of one and is risen by one until 
the results from the tested control charts stay the same. This is achieved at a value of 𝑋 = 6. The 
results of this first performance test are presented in Table 8.  
 

Increase 𝑿 New observations 
𝒙𝟏, 𝒙𝟐, 𝒙𝟑, 𝒙𝟒, 𝒙𝟓, …  

Increased observations before trend detection 
P- and U-chart EWMA chart CUSUM chart 

1 65, 66, 67, 68, 69, … 49 35 35 
2 65, 67, 69, 71, 73, … 25 20 20 
3 65, 68, 71, 74, 77, … 17 14 14 
4 65, 69, 73, 77, 81, … 13 12 12 
5 65, 70, 75, 80, 85, … 11 10 10 
6 65, 71, 77, 83, 89, … 9 9 9 

Table 8: Control chart performance test 1 

 
The values in Table 8 present after how many newly added observations the control charts detect 
a trend being present in the data. Hence, for a constant increase of one, only at the 49th new 
observation, the P- and U-chart detect the trend. For the EWMA and CUSUM chart, this is much 
sooner.  This can be explained due to the nature of the charts, as the EWMA and CUSUM chart take 
past data into consideration and the Shewhart chart does not. Hence, as expected, the EWMA and 
CUSUM chart are much more sensitive to smaller changes in the data. However, as the Shewhart 
charts only use the last observation, an instant increase of only a single high or low observation is 
expected to be detected by the Shewhart charts much sooner.  
 
This expectation is tested by creating a single high point in the data and comparing at which value 
the control charts identify the increase. However, as the EWMA and CUSUM chart take into 
account past data, the point at which the high observation is added to the dataset highly influences 
the detection of the trend. Therefore, the test is performed for three scenarios. First, a single high 
observation is added to the dataset with the last count of 64, which is quite low considering the 
mean of 74. Accordingly, the same is done, however, the last two weeks of 2017 are removed from 
the dataset, resulting in a high last count of 97. Finally, the test is performed after week 37 and 38 
of 2017, which are close to the mean with values of 74 and 73. The results of this second 
performance test is presented in Table 9. 
 

Count of last 
observation 

New observation 
𝒙𝟏 

Single increase before trend detection 
P- and U-chart EWMA chart CUSUM chart 

64  Increase  48 78 70 
Count of new 
observation 

112 142 134 

97 Increase 15 18 5 
Count of new 
observation 

112 115 102 

74 Increase 39 71 61 
Count of new 
observation 

112 144 134 

Table 9:  Control chart performance test 2 
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Table 9 shows that the P- and U-chart detect an increase at the point of which it crosses the UCL, 
which is equal to 112 in this period (in other periods the number of MRI systems might be 
different and thus different control limits exist). The EWMA and CUSUM chart react slower to 
single increases when the observation before the increase is around the average. Only when the 
previous observation is already high, another high observation quickly signals the UCL. The 
CUSUM chart seems to be slightly faster in all three scenarios.  
 
The final and third test is to add a set of new observations to the dataset, all having the same value, 
slightly above the mean of the data, but not so extreme that the UCL is immediately triggered. As 
the mean number of weekly complaints is 74, the value of 100 is chosen for the new observations. 
This introduces a pattern that is constant, not increasing or decreasing, but is higher than is 
‘expected’ from the distribution. The results of this test are presented in Table 10. 
 

Test New 
observations 
𝒙𝟏, 𝒙𝟐, 𝒙𝟑, 𝒙𝟒, 𝒙𝟓, …  

Trend detected after 𝒊th new observation 
P- and U-chart EWMA chart CUSUM chart 

Adding counts 
of 100 

100, 100, 100, 100, 
100, … 

Trend not 
detected 

5 4 

Table 10: Control chart performance test 3 

 
The CUSUM chart detects the trend the fastest, as it gives a signal after the 4th new observation. 
The EWMA chart gives a signal after the 5th observation. Finally, as could already be predicted, the 
P- and U-chart do not detect this trend at all, as the value of 100 is too low to signal the UCL, even 
when it is consistently higher than the mean.  
 
To summarize, three tests are performed in this paragraph, analyzing the differences between the 
patterns detected by the four control charts. From the result, presented in Table 8, 9, and 10, it 
can be concluded that there is a great difference in the way the Shewhart charts and the 
EWMA/CUSUM charts work. As Shewhart charts only consider the final observation, large, sudden 
increases are detected best. On the other hand, slow, steadily increasing patterns in the data are 
not detected as long as the trend does not exceed the UCL. For this purpose, the EWMA and CUSUM 
chart serve better. Moreover, of the two, the CUSUM chart slightly outperformed the EWMA chart. 
An option to improve the sensitivity of Shewhart charts, already discussed in paragraph 2.2, is to 
add the test for special causes presented in Appendix E. However, a disadvantage of these tests is 
that the rules are fixed. For example, the second test is triggered when nine points in a row are 
above or under the mean, the third test when six points are all increasing or decreasing, etc. The 
CUSUM chart provides a more adaptive response as it identifies these patterns based on the 
historical data and maybe, already after four high observations (as in the third performance test), 
a trend can be spotted.  
 
Thus, it can be concluded that a combination of a Shewhart U-chart and a CUSUM chart provides 
the best performance, detecting both large and smaller increases. Moreover, a great advantage of 
the CUSUM chart, already shortly described in subparagraph 6.4.2, is that with it the employees 
of the CHU are able to trace back the beginning of the trend. Namely, when a trend is signaled by 
the chart, the start of the trend is there where the cumulative sum first deviates from zero. This is 
valuable feedback for the CHU as it gives information about the root cause of the trend.  
 

6.6 Other trend categories 
In the previous paragraphs and in Chapter 5, the control charts for the total number of complaints 
created over time are selected and refined through a series of analyses and evaluation steps. 
However, for the CHU, the other trend categories, monitoring smaller codes, provide more 
information. This is because these codes relate to more specific issues and therefore are easier to 
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act upon when a trend occurs. However, the data characteristics of each trend category differ, 
making it impossible in the time span of this thesis project to select and refine a control chart for 
all categories. However, as the process data is still raw out-of-control data, a Shewhart chart, 
possibly supported by an EWMA or CUSUM chart, provides the best option. Hence, a U-chart can 
be implemented for these categories as well, based on the parameter estimate of lambda for the 
new data. However, there are some important differences between the control chart for the total 
number of complaints and the control charts for smaller trend categories. 
 
First, the proportion of the complaints on the specific trend category per MRI system is much 
smaller. The smaller the trend category, the lower this number will be. This proposes the following 
question “Does a newly installed MRI system still have a considerable effect on the number of 
complaints within a smaller trend category?” This question is addressed in the next subparagraph. 
Second, several smaller trend categories contain many zeros when monitored on a control chart. 
This problem is emphasized by the CHU manager and already came forward during the analysis 
of the historical trend reports, performed in paragraph 2.3. This problem is addressed in the 
second subparagraph.  
 

6.6.1 Proportions vs absolute counts 
In the control charts constructed for the total number of complaints (Figures 25, 26 and 27), it can 
already be seen that the changing installed base has minimal effect on the control limits; they vary 
only slightly. This is because the probability of a complaint occurring from an MRI exam is very 
small. Even when the proportion of complaints is plotted against the number of installed MRI 
systems each week, instead of the weekly number of performed MRI exams, the probability is very 
low, being equal to 0.8822%. 
 
To understand the changes in the control limits, the increase in the number of MRI systems from 
2012-2018 is presented in Figure 28. 
 

2012:
7238 

systems

2013:
7944 

systems

2014:
8307 

systems

2015:
8470 

systems

2016:
9007 

systems

2017:
9396 

systems

+9.8% +4.6% +2.0% +6.3% +4.3%

+29.8%

 
Figure 28: Varying number of MRI systems 2012-2018 

 
Figure 28 illustrates that, over the time period of six years, the number of MRI systems has risen 
from on average 7238 systems in 2012, to on average 9396 systems in 2017. Note that one newly 
installed MRI system equals 0.008822 new complaints, i.e. one complaint equals 114 MRI systems. 
Hence, the increase of 2158 systems is equal to about 19 complaints. This is not very much 
considering that, during this time period, in total 23,487 complaints were created. Still, the 
number of MRI systems do influence the complaints and therefore it is wise to monitor this change 
to ensure there are no extreme fluctuations.  
 
However, for the smaller trend categories, the number of complaints within the trend category 
relative to the number of MRI systems is even lower. To inspect this, the largest trend category, 
being most influenced by the number of MRI systems, is inspected. The largest trend category is 
the largest first level symptom code, namely 6NH01. The corresponding probability is calculated 
by dividing the total number of the complaints on 6NH01 from 2012 till 2018 by the total number 
of MRI systems installed in these years.  This results in a probability of 0.0029, meaning that the 
control limits allow for only one more complaint every year As the probabilities for the other trend 
categories are smaller, it can be concluded that the effects of the varying sample size are negligible 
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for the trend categories. Only for the total number of complaints, it is beneficial to plot the 
proportion of complaints on the control chart.  
 
Moreover, Raymond G Carey (2002) state that when the area of opportunity does not vary from 
the average by more than about 20%, the actual count of nonconformities for each time period 
can be plotted. The percentage of the increased number of MRI systems compared with the 
previous year, and also for the whole period of six years, are presented in Figure 28. Since the 
control charts will only plot a few years maximum, the increase will not grow above 20%. 
However, for the total number of complaints, there an increase of 10% could occur within a 
control chart period. Therefore, it is reasonable to consider the area of opportunity. For the 
smaller trend categories, this is not applicable and the absolute counts will suffice. 
 

6.6.2 Rare events 
In the trend reports of 2012-2018, several control charts contain many zeros. As, generally, no 
complaints occur on these codes, the control limits are based on the mean of zero and therefore 
are set very low. Accordingly, when a single complaint does happen to occur, it immediately 
deviates too much from the known standard of zero, and the UCL is triggered. This control chart 
signal is not relevant to the CHU as the single complaint does not indicate any structural problem 
or deeper issue. An event that does not always occur when the process is observed, causing a 
count of zero to often be recorded, is termed a ‘rare event’ (Provost & Murray, 2011). 
 
The T-chart (or time-between chart) is an alternative to a standard attribute chart when the event 
is rare and measurement of time between each occurrence of the event can be obtained. Rather 
counting the number of events for each standard time period, the data point is plotted as an event 
occurs. As the occurrence of complaints in the process is modeled by a Poisson process, the time 
between events essentially follows an exponential distribution, on which the T-chart is based 
(Zhang et al., 2005). 
 
However, the question remains when a T-chart is to be used. In other words, “When is an event 
rare?” The concept of rare depends on how often the process is observed; hourly, daily, weekly, 
monthly, etc. Provost & Murray (2011) provide guidance for this issue, as they state that, if the 
event, modeled by the Poisson distribution, results in a C-chart with a center line less than 1.4, the 
chart will contain too many zeros. For the U-chart, the minimum subgroup size can be checked by 
dividing 1.4 by the center line. However, the U-chart is only to be used by the CHU for the 
monitoring of the total number of complaints and thus will not represent a rare event.    
 
Based on the information stated above, the following methodology can be defined for dealing with 
C-charts containing too many zeros on a weekly base. First, it should be checked whether the 
center line is lower than 1.4. When this is not the case, the C-chart is still appropriate. When this 
is the case, the time period by which the complaints on the trend category are counted should be 
increased, counting on a biweekly, monthly or quarterly base. Important is to keep in mind that 
enough observations must be available to construct a reliable control chart. When plotting on a 
quarterly base, the complaint data on the trend category has to go back in time far enough. Finally, 
when increasing the subgroup size does not result in a center line equal to 1.4 or higher, the T-
chart should be constructed.  
 
The only information required by the T-chart is the time on which the events occur. Accordingly, 
the time between consecutive events can be modeled using the exponential distribution. Because 
the construction of the T-chart is based on an I-chart calculation, the chart limits are sensitive to 
a few data points. Therefore, Provost & Murray (2011) note that at least 20 rare events are needed. 
Once the estimate of the time between events is gained, it can be determined how far back in time 
the data has to be collected. For example, for an event that is expected to occur about once per 
quarter, historic dates for the previous five years have to be collected.  
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As the exponential distribution is highly skewed, this would result in a control chart for which the 
standard special cause rules would not be appropriate. To solve this,  the exponential distribution 
is transformed to a symmetric Weibull distribution, by raising the time measure to the 1/3.6 
power (Santiago & Smith, 2013). Accordingly, the control limits for the T-chart are calculated for 
the transformed time data. These limits are then transformed back to the original scale for display 
with the original data.   
 

𝑡 = 𝑡𝑖𝑚𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑒𝑣𝑒𝑛𝑡𝑠 
𝑦 = 𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑑 𝑡𝑖𝑚𝑒 = 𝑡1/3.6 

 
The moving range (MR), being the difference between consecutive data values, is the statistic used 
to determine the common cause variation for an I-chart. The rationale for using the moving range 
to determine the process variation for the I-chart is that pairs of consecutive measurements are 
more likely to be affected by similar causes than are results at other points in time (Montgomery, 
2009). As this same rationale works for the time between events, the control limits for the T-chart 
are calculated using the formulas of the I chart. The moving range is calculated by pairing 
consecutive measurements. Because a previous time is not available for the first time in the 
dataset, only n – 1 moving ranges can be calculated. The formula for the moving range is  
 

𝑀𝑅𝑖 = |𝑦𝑖 − 𝑦𝑖−1|          𝑖 = 2, … , 𝑛 
 
Finally, the control limits for the T-chart can be calculated as follows 
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Where 

- �̅� is the average of all transformed times;  
- 𝑀𝑅̅̅̅̅̅ is the average of all moving ranges;  
- 𝐾 is the control limit distance; 
- 𝑑2(𝑤) is the unbiasing constant (Santiago & Smith, 2013). 

 
The unbiasing constant 𝑑2(𝑤) is the constant used to estimate the standard deviation of the 
moving range statistic. The standard deviation 𝜎 is equal to the average moving range  𝑀𝑅̅̅̅̅̅ 
divided by 𝑑2(𝑤). Where 𝑤 represents the number of observations that are used in the moving 
range. As the moving range uses two observations, the value of 𝑑2(2) is needed. No simple 
formula exists for 𝑑2(2), hence, the value is looked up in the statistical table provided by Devore 
(2012) and is found to be equal to 1.128.  
 
To illustrate the potential benefit of the T-chart for the CHU, a first level symptom code on which 
a complaint rarely occurs is selected, namely the code 2EN03. This code is chosen as from 2012 
until 2018 it only occurred 25 times, and thus represent a good case of a ‘rare’ event. The C-chart 
of 2EN03 is presented in Figure 29. As can be seen, an occurrence of one complaint immediately 
triggers the UCL, as it is calculated at 0.93 and rounded up to 1 complaint. Hence, plotting the 
complaint count per week on this code is quite useless: for the largest part of the time, no 
complaints can be plotted, and when a complaint does occur, it is immediately identified as a trend 
without it being of any real value. Moreover, the value of the LCL resulting from the C-chart 
calculations is negative and therefore set at zero. 
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Figure 29: C-chart 2EN03 

 

The T-chart of 2EN03 is presented in Figure 30. As it monitors the time between two 2EN03 
complaints, the chart does not contain any zeros and provides insight into how long it takes before 
a new complaint arises, i.e. how the complaint rate changes over time. Note that for a T-chart, an 
UCL signal is positive as it indicates a decrease in the complaint rate on the specific code. On the 
other hand, a LCL signal indicates an increase in the complaint rate that should be reviewed for 
special causes.  The UCL, CL, and LCL of the T-chart are equal to 227, 47, and 3, respectively. Note 
that the first complaint, on 2012-02-04, does not have an observation plotted as there is no 
previous complaint to calculate the time between the two on. As the control limits of a T-chart are 
transformed from an exponential to a Weibull distribution and back,) they can appear to be very 
wide. Therefore, the control limit distance, 𝐾, is set at 2 instead of 3. Moreover, as suggested by  
Provost & Murray (2011), to make the limits more visually sensitive, the T-chart is displayed on a 
logarithm scale, making the control limits appear more symmetrical. This setting is optional and 
does not change the performance.  
 

 
Figure 30: T-chart 2EN03 – logarithmic scale 
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7. Process model design 

In the previous chapter, many analyses, evaluations and additional steps are performed to select 
the appropriate control charts for the CHU. The most important finding of this chapter is that, as 
the complaint data represents an out-of-control situation, fitting a distribution does not provide a 
good basis for control chart selection. Because when the best fitting distribution takes into 
account all trends existent in the data as random process variation, no assignable causes are 
detected. Hence, too much variation is allowed because the out-of-control situation is considered 
in-control. In paragraph 6.3, the differentiation between phase I and II control chartings was 
already made. In this chapter, the topic is explained in more detail. Moreover, based on all findings 
of this thesis research, a process model for control chart selection and refinement is designed. The 
process model takes into account the tentative artifact design, resulting from the theoretical 
background, the key considerations, tested and applied in Chapter 5, and the control chart 
construction and refinement activities, performed and evaluated in Chapter 6. The goal of the 
process model is to provide an approach that is reproducible and applicable in any organization. 
 

7.1 Phase I and II control charting 
The distinction between phase I and II control charts is quite recent in the SPC literature. Phase I 
consists of estimating the distributional parameters, designing the control chart based on the 
parameter estimates, and detecting the out-of-control samples in historical data (Doroudyan, 
Owlia, & Amiri, 2017). These steps are repeated until reliable parameter estimates, and thus 
control limits, are obtained. Then, in phase II, the control chart can be used to monitor new 
observations. Control charts in phase I primarily assist in achieving a ‘clean’ dataset 
representative of in-control process performance. In phase II, this data is used to continuously 
monitor the process (Montgomery, 2009).  
 
During phase I, data is collected to calculate a set of control limits from. The control limits are 
based on the parameter estimates of the distribution underlying the control chart. For U- and C-
charts, this is the Poisson distribution, based on the single parameter lambda. The goal during 
phase I is to start monitoring the process with a Phase II control chart as soon as possible while 
having enough data to reasonably estimate the parameters during Phase I (Vining, 2009). Many 
studies (Devore, 2012; Montgomery, 2009) suggest that twenty subgroups are adequate to 
acquire the initial parameter estimates needed to calculate the preliminary control limits. 
Accordingly, points that fall outside the control limits are investigated to determine if trends truly 
exist or if it were false alarms. Any assignable causes that are identified should be worked on in 
an effort to eliminate them. Accordingly, a new set of revised control chart parameters and control 
limits must be calculated with the true out-of-control observations removed from the data. Next, 
new data are collected and compared to these revised limits. Montgomery (2009) describes that 
“sometimes this type of analysis will require several cycles in which the control chart is employed, 
assignable causes are detected and corrected, revised control limits are calculated, and the out-
of-control action plan is updated and expanded.” Eventually, the process is stabilized, and a ‘clean’ 
set of in-control data is obtained to start phase II control charts.  
 
Shewhart control charts are very effective in phase I as they are easy to construct and effective in 
detecting large shifts in the process. In phase II, more advanced control charts are constructed 
based on the parameter estimates determined in phase I. Hence, the distributional analyses, 
presented in paragraph 5.3, belong to the control chart selection steps of phase II when the data 
is in-control and the distributional parameters can be reliably estimated. The process to follow in 
phase II control charting is already considered and applied in this thesis research. To get an 
understanding of the steps for phase I control charting, a visual representation of the steps of 
phase I control charting as described by (Montgomery, 2009; Vining, 2009) is shown in Figure 31.  
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Figure 31: Phase I control charting (Montgomery, 2009; Vining, 2009) 

 
Note that the selection of the appropriate Shewhart control chart to use in phase I control charting 
is a selection procedure by itself. To this end, the selection guide provided by Provost & Murray 
(2011) is presented in Appendix H. See the theoretical background for an explanation of the 
concepts and terminology used in the control chart selection guide.  
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7.2 Process model for control chart selection and refinement 
To summarize the findings of this thesis research, a process model for control chart selection and 
refinement is designed. The process model provides an abstract view of the two phases of control 
charting. Namely phase I control charting, wherein a Shewhart control chart is selected based on 
the choice of multivariate/univariate data, attribute/variable data, count/classification data, and 
equal/varying area of opportunity. This is also illustrated in Appendix H. The second phase 
requires a distribution to be fitted to the data, and a check for over-dispersion and auto-
correlation. Accordingly, an advanced control chart can be selected and implemented. The process 
model is presented in Figure 32.  
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Figure 32: Process model for control chart selection and refinement 
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8. Conclusion  

To conclude the thesis research, this chapter discusses the main findings, the recommendations 
for the CHU, and reflective judgment on the research.  
 

8.1 Main findings 
Referring to the problem definition (see paragraph 1.2), the goal of this thesis research is to 
improve the control charts of the CHU to enable earlier and more specific trend detection. 
However, as the CHU has many trend categories that require trending, it is not possible to select 
an appropriate control chart for each category. Therefore, a process model is provided to guide 
the CHU in the selection and refinement of a control chart for any given dataset. By identifying the 
basic type of Shewhart chart that corresponds to the characteristics of the data, an initial control 
chart is constructed to monitor the data. The sensitivity at this point can be increased by adding 
the tests for special causes, however, a better alternative is to use a CUSUM chart next to the 
selected Shewhart chart. This ensures detection of both large and sudden shifts in the process data 
as well as smaller, slowly developing patterns. Accordingly, data can be monitored in a 
retrospective manner, plotting past observations on the control charts. This manner is termed 
phase I control charting. To enable the continuous, prospective monitoring of complaints, phase 
II control charting has to be implemented. Meaning that the control chart signals identified in 
phase I are investigated to determine whether the signals truly indicate a trend. Accordingly, by 
removing the trends from the data and reconstructing the control chart several times, the process 
data is brought in-control. When this is the case, the distribution can be fitted and a more 
advanced control chart be constructed.  
 
To provide an overview of all topics investigated throughout this thesis research to arrive at the 
process model for control chart selection, a brief solution to each of the research sub-questions, 
described in paragraph 1.3, is provided below. 
 
Sub-question 1: How is the current trending procedure carried out by the CHU?  
The current trending procedure primarily uses P-charts that monitor the proportion of 
complaints relative to the total number of MRI systems performed for each quartile. However, 
most signals that result from the control charts are not acted upon as they do not provide relevant 
information on structural problems in the underlying process. Thereby, most trend signals simply 
occur on the symptom and failure codes that contain the most complaints, as these codes are too 
large and thus contain too much variation.  
 
Sub-question 2a: How can a set of appropriate control charts be selected based on the data?  
Initially, the theoretical background indicated several key considerations for control chart 
selection. Accordingly, based on the inspection of these considerations for the complaint data, a 
control chart was selected. However, later on in the thesis research, it proved that the state of the 
data is of great importance; i.e. whether the data represents an out-of-control or in-control 
situation.  Therefore, this is the first and main consideration of control chart selection, guiding the 
rest of the process steps that are required to select the control chart. Namely, for raw out-of-
control data, the appropriate control chart is selected from the basic Shewhart control charts, 
based on the following considerations: attribute or variable data, count or classification data, and 
varying or equal area of opportunity. Moreover, for clean in-control data, the advanced control 
chart is selected based on the distribution the data follows and whether the distributions are IID.  
 
Sub-question 2b: How can the design parameters of the selected control charts be optimized?  
Two important design parameters are identified in this thesis research, namely the control limit 
distance and the subgroup size. The control limit distance is determined to be optimal set at three-
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sigma, as suggested by Shewhart (1924). The subgroup size is a more complex parameter to 
optimize. The more data is considered, the more reliable the parameter estimations of the control 
charts. Therefore, the more frequent the complaints counts are plotted, the better. However, the 
time periods have to be representative of the process and they have to be comparable; the 
situation cannot differ extremely from one time period to another. On the other hand, enough data 
has to be available to obtain at least 20 points to plot on the control chart. When the control chart 
contains too many zeros, a T-chart, plotting the time between events, is to be used.  
 
Sub-question 3: How can the performance of the selected control charts be measured and evaluated?  
As the selected control charts are based on out-of-control data, popular measures such as the 
average run length and number of false alarms cannot be used. The performance can be evaluated 
by testing the time it takes before an ‘artificial’ trend is detected. Together with the CHU manager, 
a set of tests for the UCL signals was designed. The faster the control chart detected the trend 
added by the test, the better. 
 
Sub-question 4: How should the company apply the selection technique to find appropriate control 
charts for the various situations that require monitoring?  
The process model for control chart selection and refinement, presented in paragraph 7.2, 
provides the approach that should be applied to find the best performing control charts and 
improve it over time, by making use of both phase I and phase II control charting. The process 
model can be applied to any kind of dataset. However, keep in mind that enough data must be 
available to iterate the steps in phase I control charting several times. Thus, for rare event data, a 
T-chart might be the best option without optimizing it any further.  
 

8.2 Recommendations 
Several recommendations for the CHU of Philips follow from this research. Some of these 
recommendations can be implemented directly, while for others more research is needed. In this 
paragraph, the recommendations following from this research are discussed.  
 
Recommendation 1: More frequent monitoring 
The more frequently the complaint counts are plotted, the more often the process is monitored 
for trends, enabling sooner detection of shifts in the variation. Moreover, counting per week or 
month instead of per quartile results in a larger dataset which improves the reliability of the 
estimated parameters. Only when not enough data is available, resulting in many zeros recorded 
on the control chart, the counts should be counted over a longer time period.   
 
Recommendation 2: Absolute counts 
At the moment, the CHU uses control charts based on a varying area of opportunity, namely P-
charts, for all the trend categories of which the area of opportunity is known. However, as the 
number of performed MRI exams, based on the number of installed MRI systems, only has little 
effect on the complaints that the CHU receives, the absolute counts should be monitored. Only for 
the total number of complaints, being the most affected by a change in the installed base as it is 
the largest group, a control chart based on a varying area of opportunity might be of use. This way, 
if it might happen, extreme changes will be directly spotted by a large change in the control limits 
of the chart.  
 
Recommendation 3: Rare events 
A problem found in the current situation, by analyzing the past trend reports of the CHU, is that 
many trend categories only contain a few complaints. These trend categories containing many 
periods with a complaint count of zero are termed rare events. When looking at a larger time 
period does not result in a higher complaint count, or not enough data is available to look further 
back in time, a T-chart provides a solution. The T-chart monitors the time between events, 
resolving the issue of a count of zero being recorded.  
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Recommendation 4: Combination Shewhart and CUSUM chart 
To enable the detection of both large, sudden increases/decreases as well as small, slowly 
developing increases/decreases in the data, the basic Shewhart control chart should be combined 
with the CUSUM chart. Another option is to add the tests for special causes to the Shewhart chart. 
However, these are less sensitive to changes in the data than the CUSUM, as they depend on a fixed 
set of rules and are not adaptive to the data.  
 
Recommendation 5: Implementing phase I and II control charting 
As already emphasized in Chapter 7, to further improve and refine the control charts after 
selection of the appropriate Shewhart chart, the dataset needs to be cleaned such that it presents 
an in-control process. Accordingly, a distribution can be fit, modeling the in-control process. Based 
on this distribution, a control chart can be constructed that is sensitive to any variation outside 
the expected ranges of the in-control process. This way, the CHU is able to respond to a trend in a 
pro-active manner, instead of retrospective.  
 

8.3 Reflection  
In this section, a reflection of the performed research is given. First, the reliability and validity of 
the research are discussed, accordingly, the limitations are listed. 
 

8.3.1 Reliability and validity 
Reliability refers to the consistency of the results obtained from a research study (Yin, 2003). This 
thesis research consists of a lot of data interpretations, statistical analyses, and tests. However, 
reliability is achieved by thoroughly reporting all steps undertaken. The tentative artifact and 
research methodology provides the general approach for this thesis research. Accordingly, 
throughout the research, the steps are well documented. Therefore, if an independent researcher 
were to study the same problem, using the same research methods under similar conditions, the 
same results can be expected.  
 
Validity is used to determine whether research measures what it intended to measure and to 
approximate the truthfulness of the results. There are different forms of research validity and the 
main ones are specified by (Yin, 2003) as construct validity, internal validity, and external validity. 
The three forms of validity are described as follows: 

- Construct validity: establishing correct operational measures for the concepts being 
studied; 

- Internal validity: establishing a causal relationship, whereby certain conditions are shown 
to lead to other conditions, as distinguished from spurious relationships; 

- External validity: establishing the domain to which a study’s findings can be generalized  
(Yin, 2003). 

 
Construct validity is difficult to evaluate for this thesis research as the artifact changed from 
paragraph to paragraph. Therefore, what was desired to be measured at the start of the thesis  
differs a lot from the final result, which is not necessarily negative. However, as the performance 
tests in paragraph 6.5 are developed based on well-founded hypothesis, which were confirmed by 
the tests, we can state the tests accurately measured what they were supposed to test. Internal 
validity is assured by performing valid statistical analyses and including experts in the research 
before drawing conclusions based on merely the quantitative measurements. However, we can 
never by sure that no errors exist in the tests and therefore internal validity cannot be assured. 
External validity refers to the extent to which the results can be generalized beyond Philips. As 
the practical findings from Philips are translated into the process model for control chart selection 
and refinement, presented in paragraph 7.2, the approach can be applied in any situations. Some 
small adaptions might be needed based on the other people and settings. Thus, generally, the 
process model can be applied on any dataset, and thus the external validity is established.  
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8.3.2 Limitations 
In this section, the limitations of this research are discussed. The most important limitation 
comprises the data availability. No in-control process data was available resulting in the control 
chart selection criteria identified in the theoretical background to not be applicable. This also 
caused the true artifact, i.e. the process model, to be much more complex than the initial tentative 
design. Moreover, due to the short time span of this thesis research and the complexity of the 
problem, many tasks were left undone. For example, only for the total number of complaints, the 
control charts are constructed. There was not enough time to apply the process model to other 
trend categories as well. Finally, the most important control chart consideration, namely the 
differentiation between phase I and phase II control charting, was found close to the end of the 
thesis research. This provided only a small amount of time to research the effects of the two 
applications and, unfortunately, the phases could not be performed and evaluated. Therefore, 
these limitations should all be investigated in future research. 
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Appendix A: Organizational Chart Royal Philips 
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Appendix B: Complaint Handling Procedure 

The procedure for product complaint handling – including evaluation, investigation, risk analysis, 
determination of the need for further investigation, and closure criteria – is defined in the ‘Product 
Complaint Handling Procedure’ (Philips, 2016). The procedure is illustrated in a flow chart in 
Figure 33 and 34. Below the actions of the complaint handling procedure are elaborated on in 
more detail.  
 
Screening  
There are two ways a complaint can come to the CHU for processing, namely 1) via the Customer 
Feedback Management (CFM) system and 2) via the Service Work Order (SWO) review in the key 
markets. A SWO is a task for a service engineer in the field, requested by the customer. In case of 
the first scenario, when direct feedback is received in the CFM system, the available information 
is checked in order to decide whether it really is a product complaint. If the feedback does meet 
the criteria of a product complaint, it is accepted and taken into TW. TW is the software program 
in which all complaints are managed. In addition, each key market has a Service Record Review 
Team (SRRT). The SRRT evaluates SWOs on completeness and decides if they need to be passed 
on to the CHU as a formal complaint, which is the case when it is related to safety. This type of 
complaint is then automatically accepted and has to follow the complaint handling process flow, 
resulting in the second complaint inflow scenario.  
 
Next, a symptom code, which correlates to a severity level per the products’ Hazard Harm Matrix 
(HHM), is assigned to the complaint. The HMM is a product based matrix that ensures consistency 
when applying a severity rating to identified hazards/hazardous situation and related harm in 
assessing risk. The HMM is further elaborated on in Appendix C. The symptom code is a rating for 
the harm that occurred during the event or the possibility for harm to occur in situation of a 
malfunction. If the complaint is determined to have no harm, no safety hazard or negligible harm, 
no further investigation is required and the complaint is closed. If the complaint is more severe 
and further investigation is deemed necessary, an investigation owner is assigned to the 
complaint.  
 
Evaluation & Investigation  
Accordingly, the investigation owner determines if the complaint concerns a product of which MR 
owns the product registration or if an Original Equipment Manufacturer (OEM) is involved. If the 
complaint concerns an OEM product the complainant is informed, the manufacturer is notified. In 
the case of an MR product complaint, further investigation begins. The first action of the 
investigation is the evaluation of the complaint for risk assessment. Each complaint with the 
potential for harm is reviewed against the Risk Management Matrix (RMM) to assess whether or 
not the potential hazard or hazardous situation (risk) has been previously identified. If a new 
hazard or increased risk of harm is determined, the RMM is updated.  
 
Accordingly, the CHU determines, for both OEM and MR products, if the event is a duplicate or 
similar complaint record. A duplicate complaint is the exact same incident (site, product, problem 
and time of occurrence) submitted more than once. If this is the case, the complaint is coded as 
duplicate and closed. A similar complaint means that a previously investigated complaint is the 
same product or product family, root cause, failure mode and solution (actions). In this case, the 
complaint is coded as similar, a decision tree for reporting is completed, and the complaint is 
coded appropriately. The next action of the investigation is the evaluation for adverse event 
reporting. A reportable complaint, or adverse event, is an event that reasonably suggests that a 
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device is associated with a death or injury; or has malfunctioned and could be associated with a 
death or injury if the malfunction were to recur.  
Next, the CHU determines - through testing and inspection, simulation or other methods to 
reproduce the failure - whether the device failed to meet any of its specifications and did not 
perform as intended. Based on the results of the investigation, the CHU identifies the resolution 
and any applicable further actions such as performing site corrections or forwarding the reported 
problem as an enhancement request or engineering request per local procedures. The result of 
the investigation and the corrective actions taken are recorded on the failure codes in the 
complaint file. In the case that the CHU determines further root cause investigation is required, a 
Corrective and Preventive Action (CAPA) request is initiated. A CAPA is a corrective action taken 
to eliminate the causes of existing systemic nonconformities or a preventive action taken to 
eliminate the causes of potential nonconformities. 
 
Closure  
If requested, results of complaint investigation including any action determinations are 
communicated to the customer. Hereafter the complaint file can be closed by the CHU, according 
to the closure summary guidelines presented in Table 11. Finally, complaints are to be trended 
per statistical analysis. 
 

Summary  Summary description  
Not a complaint  For records which are determined to not meet the complaint 

definition, enhancement request for example  
 

Low impact – further 
investigation not required 
– to be trended  

For potential complaints evaluated as non-hazardous and non-
reportable, further investigation into cause is not required  

Submitted to OEM  For complaints on products not manufactured by MR  
 

Duplicate  A report for the same event on the same system ID at the same 
date/time for which another product complaint already exists  
 

Similar  A report investigation for the similar event on the same product 
family with same cause and correction or CAPA already exists.  
 

Table 11: Complaint closure summary guidelines 
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Figure 33: Complaint Handling Procedure - Complaint Flow Part I 
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Figure 34: Complaint Handling Procedure - Complaint Flow Part II 
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Appendix C: Problem situation 

When a problem is detected within a company, there are often more things involved than just the 
problem at hand. In order to prevent the solution from being symptom redressing the problem 
situation is discussed with the stakeholders in semi- and unstructured interview. A summary of 
the problem areas and the root causes identified in the interviews is provided in below. Based on 
this, a graphical overview of the problem clusters is created, presenting the factors that influence 
the problem and their mutual relationship.  
 
Internal experts interviewed  
I. Westmijse   Manager – Complaint Handing Unit MR Q&R  
As I. Westmijse initiated the idea to redesign the trending procedure in order to find opportunities 
for quality improvement and as she as the manager has the responsibility to implement it, she is 
an important stakeholder in this research.  
Interviewed on: 9th February, 20th February, 15th March, 22nd March  
 
A. Donders   Complaint Specialist – Complaint Handing Unit MR Q&R 
As A. Donders performs the trending procedure – carrying out the statistical analysis, checking 
the control charts and reporting the results – he is an important stakeholder in this research.  
Interviewed on: 6th March  
 
Problems identified in the interviews  
The main problem with the trending procedure is that, currently, it has no direct benefit to the 
business or customer; it is only performed to comply with safety requirements, laid down in 
various legistlations. The CHU would like to be able to identify improvement opportunities and 
learn from the historical data and trends it contains, so that preventive action can be taken. 
Aggregating and critically examining the issues discussed in the interviews, the problem can be 
split in two problem areas. First, when a trend is detected, it is often late and action is long overdue 
or has already been taken, causing the CHU to lag behind events.  Second, the trend ‘bins’ are too 
big; all complaints fall into the same codes which can relate to a variety of problems. This makes 
the control chart signals too unspecific to act upon. Below, the problem areas are further split into 
a variety of causes and complications. 
 
The control charts and additional tests for non-normal variation are not designed to fit the 
situation. Many different types of control charts and design parameters exist, which should be 
considered. Taking into account the characteristics of the data provides a better SPC model and 
enables earlier trend detection. Moreover, many control charts require certain assumptions to be 
met. When the control chart is applied without checking the assumptions, this can lead to an 
increased false alarm rate. Finally, the amount of complaints and the level of variation that is 
acceptable differs per code and therefore the control charts should be designed differently per 
code category. Burn complaints, for example, are quite severe and the control limits for burn 
related codes should therefore be defined stricter than for other complaints codes.  
 
Trending is only done at the end of each quarter. This means that a trend could have occurred 
months before it was identified.  
 
The trending procedure does not use all available information related to the quality of the MR 
systems. Only the complaint data, recorded in TW, is considered. Other types of quality feedback, 
such as spare parts request, are managed in other databases and are therefore not accessed. 
Aggregating all information could lead to better and earlier trend recognition. However, not all 
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information can be analyzed, as there are too much different code levels to trend already. Because 
of this, only the top first level codes are trended and trends in smaller categories might be missed.  
No combinations of codes are used to further split the large code ‘bins’ or to pinpoint important 
problems. Only after a trend is detected on a 1st level code, the 2nd and 3rd level codes are inspected. 
Combining different codes types – failure and symptom – and code levels could result in significant 
improvements. However, there are endless combinations to choose from and we must not zoom 
in to the process too far because then patterns exist in the data anymore.  
 
The coding structure focusses on safety compliance. Therefore, the codes are not ideal for finding 
structural product errors and identifying patterns in faulty events and customer (dis)satisfaction. 
Moreover, as already mentioned above, the first level codes only give a general problem indication 
and do not provide explicit information when trended. For example, the most occurring first level 
symptom code is ‘6NH01’, which can relate to 41 different second level symptom codes, ranging 
from software issues to the device needing to be cleaned. The second and third level codes relate 
less to the problem itself and more to the circumstances and the harm that occurred. A reason for 
the impractical code design is that the code structure is to be used throughout the whole 
organization, with products ranging from coffee machines to MRI systems.   
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Figure 35: Problem clusters 
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Appendix D: Trending procedure 
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Figure 36: Trending Procedure Part I 
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Figure 37: Trending Procedure Part II 
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Appendix E: Tests for special causes 

Research in control charts is primarily concerned with the detection of shifts in the process mean. 
However, there are many other patterns that may exist in the process data indicating out-of-
control situations, such as systematic variation, cycles, and mixtures (C.-S. Cheng, 1997). 
According to Western Electric Company (1958), there are 15 common types of control chart 
patterns. The most typical unnatural patterns on control charts are defined as:  

1. Trends. A trend is a repeated movement in one direction (either up or down);  
2. Sudden shifts. A shift is an immediate change in the average of the process;  
3. Systematic variation. In systemic variation, a low point is always followed by a high one 

or vice versa;  
4. Cycles. In cyclic behavior, a series of peaks is mixed with troughs;  
5. Mixtures. In a mixture, the points fall near the high and low edge of the pattern without 

normal fluctuations in the middle (C.-S. Cheng, 1997; Hachicha & Ghorbel, 2012).  
 
Over the years, many rules have been developed for use with control charts to detect these 
unnatural patterns within control limits (Hachicha & Ghorbel, 2012). In the implementation of 
these rules, the control chart is divided into three zones with one-sigma (zone C), two-sigma (zone 
B), and three-sigma limits (zone A). The most common set of (run) rules for special cause 
variation, founded by (Western Electric Company (1958) and extended by (Nelson, 1985), are 
presented in Figure 38.  
 
In return for a minor increase in false positives, these additional tests greatly increase the power 
of control charts to detect process improvement and deterioration. However, due to the natural 
variation in the process, the test would still have a low probability of detection before a control 
limit breach would signal the process as out-of-control (Davis & Woodall, 1988). 
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Figure 38: Runs tests/ tests for special causes (Charnes, 1995) 
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Appendix F: Candidate distributions for GOF testing 

Normal distribution 
The normal distribution follows a symmetrical bell-shaped curve and is important because many 
numerical populations have distributions that can be fit very closely by an appropriate normal 
curve due to the Central Limit Theorem (Devore, 2012). The central limit theorem implies that 
the sum of 𝑛 independently distributed random variables is approximately normal, regardless of 
the distributions of the individual variables (Montgomery, 2009). The approximation improves as 
the sample size (𝑛) increases. Because our dataset has quite a large sample size (312 weeks), the 
normal distribution is possibly a good fit.  
 
The normal distribution can be calculated given the mean and standard deviation of the 
distribution, as the probability density of the normal distribution is (Devore, 2012; Montgomery, 
2009): 
 

𝑓(𝑥|𝜇, 𝜎2) =
1

√2𝜋𝜎2
𝑒

−
(𝑥−𝜇)2

2𝜎2          − ∞ < 𝑥 < ∞ 

 
Where  

- x is the number of failures 
- 𝜇 is the mean of the distribution 
- 𝜎2 is the variance 

 
The arithmetic mean and variance of a sample 𝑥1, 𝑥2, … , 𝑥𝑛 can be calculated as follows: 
 

𝜇 =
1

𝑛
(∑ 𝑥𝑖

𝑛

𝑖=1

),           𝜎2 =
1

𝑛 − 1
∑(𝑥𝑖 − 𝜇)2

𝑛

𝑖=1

 

 
For the complaint data, with 𝑥𝑖 being the count of complaints in week 𝑖, the mean is 74.05, 
implicating that the average number of complaints created per week is 74.05. The variance is 
485.74, which gives an indication of how much the data is spread out. Hence, the larger the 
variance, the more the observations in the dataset differ. A dataset where all the numbers are the 
same has a variance of zero.  
 

Binomial distribution 
Consider a process that consists of a sequence of 𝑛 independent trials. When the outcome of each 
trial is binary (success/failure), the trials are called Bernoulli trials. If the probability of success 
on any trial, termed 𝑝, is constant, then the number of successes 𝑥 in 𝑛 Bernoulli trials has the 
binomial distribution with parameters 𝑛 and 𝑝. This binomial distribution can also be used to 
model the number of failures, with 𝑝 being the probability of failure instead of the probability of 
success. The probability density function of the binomial distribution is: 
 

𝑓(𝑥, 𝑛, 𝑝) = (
𝑛

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

  
Where 

- 𝑥 is the number of failures 
- 𝑛 is the number of (Bernoulli) trials 
- 𝑝 is the probability of failure (0 ≤ 𝑝 ≤ 1) 
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The number of trials 𝑛 is equal to the number of MRI exams performed from 2012 up to and 
including 2017. How this is calculated is explained in paragraph 5.3.2. The second parameter of 
the binomial distribution is the probability of failure. The probability of failure for each subgroup 
(𝑝𝑖) can be estimated based on the proportion of complaints. 
 

𝑝𝑖 =
𝑥𝑖

𝑛𝑖
          𝑖 = 1, … ,312 

 
With 𝑛𝑖 being the number of MRI exams performed in week 𝑖 
 
The total probability of failure for the process is determined as follows 
 

𝑝 =
∑ 𝑥𝑖

𝑚
𝑖=1

∑ 𝑛𝑖
𝑚
𝑖=1

=
23,104

256,646,026
= 9.00282𝑒−05 

 
Note that the probability of success (𝑞) is: 
 

𝑞 = 1 − 𝑝 = 1 − 9.00282𝑒−05 = 0.99991 
 
Hence, overall, 99.991% of the MRI exams performed are successful and only 0.009% results in a 
complaint.  
 

Poisson distribution 
A useful discrete distribution in SPC is the Poisson distribution. The Poisson distribution 
expresses the probability of a given number of events occurring in a fixed interval of time if these 
events occur with a known constant rate and IID. In SPC, the Poisson distribution is typically used 
to model the number of defects that occur on a per unit (or per unit volume, per unit time, etc.) 
basis (Montgomery, 2009). The only variable in the Poisson formula is lambda (𝜆), as the 
probability density of the Poisson distribution is (Montgomery, 2009): 
 

𝑓(𝑥|𝜆) =
𝜆𝑥

𝑥!
𝑒−𝜆          𝑥 = 0, 1, … 

 
Where  

- 𝑥 is the number of failures 
- 𝜆 is the average number of events per interval 

Note that the mean and variance of the Poisson distribution are both equal to the parameter 𝜆. 
Thus, the value of lambda, being the average number of complaints created per week, is 74.05.  
 
It is possible to derive the Poisson distribution as a limiting form of the binomial distribution. 
The difference between the two is that while both measure the number of ‘failures’ within a 
certain time frame, the binomial is based on discrete events, while the Poisson is based on 
continuous events (Devore, 2012). That is, with a binomial distribution you have a certain number 
of ‘attempts’, 𝑛, each of which has a probability of success 𝑝. With a Poisson distribution, you 
essentially have infinite attempts, with a minuscule chance of success. Therefore, when the 
binomial distribution has a large 𝑛 and a small 𝑝, 𝑛𝑝 equals 𝜆 and the distribution approaches a 
Poisson distribution with parameter 𝑛𝑝 (Montgomery, 2009). As this is the case for our data, with 
on average 822,583 MRI exams per week and a complaint probability of  0.009%, we expect the 
expected frequencies of the Poisson and binomial distribution to be equal.  
 



78 
 
 

Negative binomial distribution 
The negative binomial distribution is a discrete probability distribution having two 
parameterizations. The usual form measures the number of trails until the kth success of a 
Bernoulli process. The second form, which we use, measures the number of failures until the kth 
success. This form of the negative binomial distribution has the probability density function: 
 

𝑓(𝑥; 𝑘, 𝑝) = (
𝑥 + 𝑘 − 1

𝑥
) 𝑝𝑥(1 − 𝑝)𝑘           𝑥 = 0, 1, 2, … 

 
Where 

- 𝑥 is the number of failures, given 𝑘 successes 
- 𝑝 is the probability of success 

 
This can be rewritten in terms of its mean and variance as the estimators for the negative binomial 
distribution, based on the method-of-moments, are as follows: 
 

𝑘 =
𝜇2

𝜎2 − 𝜇
          𝑝 =

𝜎2 − 𝜇

𝜎2
=

𝜇

𝜇 + 𝑘
 

 
Resulting in the probability density function: 
 

𝑓(𝑥; 𝑘, 𝑝) = (
𝑥 +

𝜇2

𝜎2 − 𝜇
− 1

𝑥
) (

𝜎2 − 𝜇

𝜎2 )

𝑥

(
𝜇

𝜎2
)

𝜇2

𝜎2−𝜇
          𝑥 = 0, 1, 2, … 

 
Some authors prefer to set 𝛼 = 1/𝑘 and express the variance as 𝜇 +  𝛼𝜇2. In this context, 𝛼 is the 
‘dispersion parameter’ or ‘shape parameter’.  
 
For our dataset, we can easily calculate the parameters of the negative binomial distribution based 
on the method-of-moments. This is: 
 

𝑘 =
𝜇2

𝜎2 − 𝜇
=

74.052

485.74 − 74.05
= 13.32 

 

𝑝 =
𝜎2 − 𝜇

𝜎2
=

𝜇

𝜇 + 𝑘
=

74.05

74.05 + 13.32
= 0.8475 

 
Another method for estimating the parameters is the maximum likelihood method, which is 
preferable, as it tends to have a smaller mean square error than the moment estimator. The 
software package R is capable of obtaining the maximum likelihood estimate of 𝑘, which is 12.99. 
This results in a 𝑝 value of 0.8508. The parameter estimates of the maximum likelihood method 
are used for the negative binomial distribution fitting.  
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Appendix G: Comparison three-sigma and probability limits 
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Appendix H: Shewhart control chart selection guide  

 

Figure 39: Control chart selection guide Provost & Murray (2011) 
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