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1.. Een grondige heroverweging van de standaard R&R-

studiee is dringend gewenst. 

HoofdstukHoofdstuk 3 van dit proefschrift 

2.. Het gebruik van regelkaarten zonder OCAPs is als het 

rijdenn in een auto zonder stuur op een gemarkeerde weg. 

HoofdstukHoofdstuk 2 van dit proefschrift 

3.. De belangrijkste verdienste van Taguchi voor het 

statistischh denken is dat hij ruis als hoofdfactor in 

experimentenn heeft geïntroduceerd. 

Trip,, A. (1991). Taguchi Methods for Quality 
Engineering.Engineering. Kwantitatieve Methoden 37, pp. 119-135 

4.. De standaard regelkaarten die in de kwaliteitshandboeken 

wordenn besproken, zijn zelden direct toepasbaar en vaak 

eenn bron van extra kosten. 

Trip,, A. (1996). SPC bij grote-aantallen-fabricage. 

Kwantitatievee Methoden 53, pp. 61-74 



5.. De industriee l statisticu s zit stevige r in het zadel dan ooit . 

Maguire ,, M. (1999). Cowboy  Quality.  Qualit y Progres s 

31(10),, pp. 27-34 

6.. Indien de overhei d koerswins t op aandelen zou wille n 

belasten ,, is de kansspelbelastin g het meest geëigend . 

7.. Het leven van een plat(te)lande r heeft andere dimensies . 

8.. De wens om de politie k dichte r bij de burger s te brengen , 
heeftt  vooralsno g slecht s geleid tot een gemiddel d groter e 
afstan dd van de burge r tot zijn gemeentehuis . 

9.. De ware muziekliefhebbe r schiete n de tranen in de ogen 

bijj  het beluistere n van Sjostakovits j in de uitvoerin g van 

hett  Johan n Straul i Orkest . 

10.. Voor wie zich op drassig e bodem begeeft , biedt een Trip 

extr aa zekerheid . 

VanVan Dale Groot  woordenboek  der  Nederlandse  taal. 

(11dee uitgav e 1984), "trip "  betekeni s 1.1 
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Chapte rr  1 

STATISTICALL PROCESS CONTROL AND PHILIPS 

1.1.. INTRODUCTION 

Qualityy management involves managing, controlling, and reducing variation. 
Traditionallyy this has been the domain of statistics, and hence variation is both 
thee actual link between quality management and statistics, and the reason for 
thee wide use to which statistical methods have always been put where quality 
problemss are concerned. In situations where statistical methods have long been 
usedd efficiently tackling and solving quality problems, statistical thinking (cf. 
Snee,, 1990) primarily forms the basis for continuous quality improvement, one 
off the core elements of Total Quality Management (TQM). Statistical thinking is 
basedd on the assumption that all activities can be regarded as processes, that 
alll processes display variation, and that improvements are achieved by a 
strategyy directed at reducing this variation. In other words, statistical thinking 
means: : 

 strong emphasis on processes rather than on the resulting products; 
 identifying, characterising, quantifying, controlling and reducing variation; 
 tackling problems on the basis of data. 

Ann important application of statistical thinking in companies is the use of 
Statisticall Process Control (SPC). Process control based on SPC signifies a 
shiftt from the traditional defect detection to defect prevention. It generally 
requiress a change in attitude, approach and working method. In line with the 
philosophyy of statistical thinking SPC is process-oriented instead of product-
oriented.. In a production process controlled with SPC, final inspection is 
replacedd with regular evaluation of the several process steps, to make sure that 
thee complete process is still functioning normally. If a process step is found to 
bee no longer functioning properly, action is taken immediately to correct it. In 
thiss way product quality is assured through a controlled process. 

SPCC is definitely accepted as one of the main tools of quality management in 
industry,, and also in service organisations. All the more remarkable is that even 
todayy - around the turn of the millennium - there are still many companies 
denyingg themselves the benefits of SPC. The novelty of SPC cannot be the 
reason,, because its history (see e.g. Duncan, 1974) begins already in 1924, 
whenn Walter A. Shewhart of the Bell Telephone Laboratories sketched the first 
modernn control chart; he published his findings in 1931 (Shewhart, 1931). 
Acceptancee of the new technique with other companies went with ups and 
downss from the very beginning. There was a great breakthrough when W. 
Edwardss Deming introduced SPC and other quality control techniques in Japan, 
immediatelyy after the Second World War. The success of the Japanese 
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economyy made American business in the 1980's aware of these techniques, 
whichh were then readily adopted. They subsequently spread to Europe as well 
(cf.. Does, Roes, and Trip, 1999a). 

Inn his long career Deming observed many reasons for the slow acceptance of 
SPCC (Deming, 1986). Among managers he noticed a focus on short-term 
results,, and trust in systems, figures, targets, computers, specifications, and 
(quality)) programs. Managers often lacked vision and leadership. That's why 
Demingg in the 1950's developed the concept of what is now called "Total 
Qualityy Management", and why he formulated fourteen points - to serve as 
guideliness for management - aimed at creating a better environment for the 
processs of improvement. A fundamentally different view on management was 
introduced:: of course managers need to care greatly about the results, but they 
needd also be involved in developing better methods to achieve better results. 
Otherr ingredients for achieving higher quality with lower waste (customer focus, 
reengineering,, just-in-time production, etc.) were developed, and in the 1990's 
thee need for a framework was satisfied by Brian L. Joiner. Much of his "Fourth 
Generationn Management" (Joiner, 1994) is the product of Deming, as Joiner 
readilyy concedes. 

Inn Deming's view acceptance of SPC is thus very much management's 
responsibility.. His solution for a better acceptance was to improve the level of 
management,, and so he introduced Total Quality Management. This concept 
wass clearly successful, first in Japan and then in the United States of America, 
andd Europe. But TQM (and Fourth Generation Management) solves many more 
problemss than just the acceptance of SPC. A strongly committed manager with 
aa vision, acting as a leader, will overcome the many difficulties facing him. 
Todayy Jack Welch, CEO of General Electric, may be regarded as a particularly 
strongg example of such a leader; he really believes in the "Six Sigma" concept, 
andd makes sure that the whole GE organisation is effectively used to pursue 
thiss vision. Whether or not the goal is something worth fighting for is not the 
onlyy issue; it is the commitment of the organisation that really counts. 

Thee motivation for this study is my experience of more than ten years as 
statisticall consultant, that introducing SPC is still difficult, even though TQM -
orr comparable systems like Fourth Generation Management - may well be the 
guidingg principle of management. Deming's attention to management issues 
finallyfinally assured a positive attitude towards SPC, but no guarantee of successful 
implementation.. My own work is aimed at improving SPC itself, to make it a 
betterr acceptable tool. Most of my experience has been acquired within the 
Philipss Electronics Company, and Philips Semiconductors in Stadskanaal in 
particular.. The latter turned out to be a goldmine for further research. Section 
1.22 contains a description of this company. 
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Thee history of my involvement with Philips in Stadskanaal starts in 1992. A 
colleaguee of mine at the Centre for Quantitative Methods (CQM) in Eindhoven, 
aa commercial consultancy firm that used to be a staff organisation of Philips 
Electronics,, had just begun a project in Stadskanaal to implement SPC. This 
colleaguee had to overcome a lot of resistance, because earlier experiences in 
Stadskanaall with SPC in the 1980's were not favourable. SPC used to be build 
aroundd a large computer-system, with high cost but small revenue. 
Managementt was nevertheless still convinced that SPC was a necessity, albeit 
thatt the motivation was partly a matter of being forced. The board of Philips 
Semiconductorss had decided to become preferred supplier of the American 
automotivee industry, which required qualification to a severe quality program 
(knownn as "Total Quality Excellence") that included working with SPC. Philips in 
Stadskanaal,, belonging to the Semiconductors family, was thus under 
compulsionn to give SPC another try, as the running SPC system would clearly 
nott qualify for certification. In this climate of scepticism my colleague first had to 
convincee the local management in an awareness session that his approach 
wouldd indeed be successful. He succeeded and then he was given the chance 
too prove his claims: under his inspiring guidance two pilot teams started 
implementingg an SPC system for some critical processes. The way these teams 
operatedd and their progress was such that management decided to continue 
thee approach plant-wide. 

Sincee my colleague was very busy at that time he asked me to do some data 
analysiss for one of the pilot teams. The data concerned measurements from the 
processs of grinding silicon wafers. The process used to be monitored with the 
well-knownn X-R-chart, but the results were apparently not satisfactory. A 
principall components analysis of the data revealed a structure within the 
samples.. This structure was rather well described by a few orthogonal linear 
contrastss of the measurements. An important consideration was that each 
contrastt had a physical meaning attached to it. I recommended monitoring the 
processs with a set of control charts (for individual observations), one for each 
contrast.. My colleague accepted these results and introduced them in the team. 
Hee also asked me to join him on the project because the plant-wide introduction 
off SPC overtaxed him. For the facilitation of SPC-teams we used a set of 
proceduress in a format designed by CQM (Banens et al., 1994), but some of 
thesee were described only loosely, and we had to struggle our way. Other 
aspects,, particularly those related to organisational matters (e.g. monitoring 
progress,, communication, and assurance of the SPC system), needed newly 
developedd or gathered methods. Two years later I accepted a full time job at 
thee Philips plant in Stadskanaal - thereby warranting continuity in the SPC 
efforts.. My colleague, who happened to be Ronald Does, left the project to 
becomee a full-time professor at the University of Amsterdam. He also started a 
statisticall consultancy company, the Institute for Business and Industrial 
Statisticss (IBIS UvA), embedded in the university. 
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Wee published our experiences in Stadskanaal in a number of papers and 
books.. Together with the Operations Manager of Philips Semiconductors in 
Stadskanaall we wrote an article for a Dutch journal on total quality 
managementt about the organisational problems we faced during 
implementationn and our solutions (Does, Van Oord, and Trip, 1994). Our 
cumulatedd experiences with the implementation of Statistical Process Control 
weree described in Does, Roes, and Trip (1996, 1999a). These books feature 
Philipss Stadskanaal very prominently, with many cases. 

Thee case of the wafer grinding process was taken up by professor Does for 
furtherr investigation. Together with Kit Roes, who would shortly become his 
partnerr at IBIS UvA, he based the method described above on solid facts (Roes 
andd Does, 1995), and Dr. Roes made the case an important one in his PhD 
thesisthesis (Roes, 1995). The method was presented at a conference in Budapest, 
withh another case illustration, also from Philips Semiconductors in Stadskanaal 
(Does,, Roes, and Trip, 1995). 

Thiss thesis contains four papers of my own work, which is based on the work 
describedd in the last two paragraphs. These papers were written since I started 
too work part time for IBIS UvA in 1997. They all have in common that cases 
fromm my practice in Stadskanaal are used for illustration. 

Chapterr 2 is a revision of a paper in The International Journal of Quality 
Sciencee (Does, Schippers, and Trip, 1997), which is essentially a summary of a 
monographh by Does, Roes, and Trip (1996,1999a). The paper presents an 
organisationall framework for implementing SPC, as well as a hands-on, yet 
flexiblee activity plan for bringing a process step under control. Co-author 
Wernerr Schippers, from the Eindhoven University of Technology, did theoretical 
Ph.D.. research on applicability of SPC techniques. 

Chapterr 3 is devoted to the analysis of measurement systems, the 6th step of 
thee activity plan and the first purely statistical one. This chapter resulted from 
collaborationn with Dr. Edwin van den Heuvel, an IBIS UvA-colleague closely 
involvedd in the "Six Sigma" program of General Electric Plastics in Bergen op 
Zoomm (Van den Heuvel and Trip, 1999). The Automotive Industry Action Group 
recommendedd in its "toolkit" (AIAG, 1990) a standard method for the evaluation 
off measurement systems. The method is now widely accepted, and is in fact 
reproducedd in the activity plan. We investigated the effects of a common 
departuree from the implicitly assumed model, and showed that it is better to use 
aa simple alternative when only a few observers do the measurements - e.g. in 
laboratoryy conditions. The standard method will then often be too pessimistic 
aboutt the state of the measurement system, and may be the cause of 
unnecessaryy fuss. 

4 4 



Thee 7th step of the activity plan is the control chart, the heart of the SPC 
method.. For the mathematically inclined, SPC and control charts may actually 
bee the same. There has always been a lot of research on the properties of 
controll charts, resulting in many papers in statistical journals. Nonetheless, the 
correctt application of the tool (as a simple method to distinguish common 
causess from special causes of variation) remained problematic, as Roes and 
Doess (1995) exemplified in the wafer grinding case from Philips in Stadskanaal. 
Thesee authors proposed a method with separate control charts for some 
significantt linear contrasts of the measurements. They claimed that this method 
savedd the company an enormous amount of money. In the discussion of this 
casee some authors proposed multivariate alternatives. Chapter 4 of this thesis 
iss an adaptation of a joint contribution (Does, Roes, and Trip, 1999) arguing 
stronglyy for a univariate treatment of the within sample structure. Our main 
argumentt is that interpretation of signals is much more difficult in multivariate 
cases,, and the ultimate consequence is that analysing and correcting out-of-
controll situations will take longer. 

Thee control chart for individual observations is the correct tool for monitoring the 
contrasts.. Control limits can be calculated in many ways, but the commonly 
usedd method is based on moving ranges. There is a real controversy, however, 
whetherr or not the variation in the data should be monitored as well. Some 
authorss stress the need for (some kind of) a moving range (MR) chart, while 
otherss strongly advise against it. Chapter 5 discusses the use of a 
omplementaryy moving range chart in the context of additional run rules. The 
problemm is again motivated from Philips in Stadskanaal, where a number of 
additionall run rules have been implemented. The first question is whether the 
movingg range chart helps identifying out-of-control processes, without giving too 
manyy extra signals when the process is in control. An additional question is 
whetherr it guides operators towards the correct out-of-control direction. The 
conclusionn of our investigation is that the MR-chart only adds confusion, and 
shouldd therefore not be used. The material in this chapter (Trip and Wieringa, 
2000)) is a result from collaboration with my IBIS UvA-colleague Dr. Jaap 
Wieringa,, who for his Ph.D. research on time series did a project in 
Stadskanaal. . 

1.2.. PHILIPS (IN STADSKANAAL ) 

Thee Philips Company was founded in 1891, when Gerard Philips started to 
buildd light bulbs in a small factory in the Dutch village of Eindhoven (cf. Philips, 
1991;; Lakeman, 1991). His brother Anton soon joined him and became 
responsiblee for selling the products. At the turn of the century Philips was 
alreadyy one of the biggest light bulb manufacturers of Europe. In the following 
yearss the company grew steadily, in spite of fierce competition and 
technologicall developments. To play a leading role in the latter the company 
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establishedd its own research department in 1914. The First World War forced 
Philipss to manufacture its own components (gas and glass), since some 
supplierss abroad were cut off. Philips emerged very strongly after the war with a 
growingg market share, and broadened its product range to new products such 
ass the radio, gramophone and shaver (the "Philishave"). In only a few years 
Philipss was market leader for radios. Factories were opened all over Europe, 
andd profits were high until the economical crisis of the 1930's, when Philips 
dismissedd half of its 22,500 employees in the Netherlands. The crisis lasted 
onlyy a few years, but then Philips returned stronger as before. 

Underr the threat of a new war Philips consolidated its position in America. In 
thee Second World War this brought unprecedented high profits, when Philips 
workedworked for the war industries of both sides of the opponent forces. After the war 
thee prosperity in Europe increased fastly and the demand for electronic 
productss rose enormously. Philips profited from the temporary fall off of the 
Germann competition and grew exceptionally. In 1950 Philips employed 90,000 
peoplee world-wide, nearly half of them in the Netherlands. The product range 
wass broadened with many new products of which the television was the most 
appealing.. Philips also manufactured many of the components for these 
products,, and with the development and production of transistors a new era 
started.. In 1961 the company was very profitable, with more than 200,000 
employeess world-wide. The size of the company and diversity of the products 
forcedd Philips to divide its activities in a number of divisions. 

Thee following decade saw the introduction of e.g. the compact cassette, 
computerr and IC (Integrated Circuit). Philips grew to a company with more than 
400,0000 employees, but in the 1970's the growth stagnated mainly owing to 
increasedd competition from the Far East and an economical crisis in Europe 
andd America. The company took a long time, however, to accept that the world 
hadd been changed and reacted defensively and late. Additionally, there were 
somee disastrous failures, with video recorders, computers, and memory IC's. In 
19900 this finally led to a major crisis, but a drastic reorganisation averted 
bankruptcy.. Philips returned to its core activities, sold its 'silverware', and 
dismissedd many employees, until less than 250,000 were left. During the 1990's 
thee company regained its health, but continual reorganisation is part of the 
present-dayy culture. Philips Electronics is still a major electronics company, and 
thee world leader in the lighting business, in shavers, and some other minor 
businesses.. Philips has also a strong position in semiconductors, especially in 
consumerr IC's; within the company the profit of Philips Semiconductors is the 
highest. . 

Inn 1955 Philips started a production facility in Stadskanaal, a village in the 
Northeastt of the Netherlands. In that period personnel were hard to get, but not 
inn this part of the country, where owing to agricultural mechanisation many 
labourerss became superfluous. Philips could employ many of them with the 
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productionn of picture tubes, and transistors and diodes; the maximum number 
off employees was over 3,000 in 1970. Then the market position of the black-
and-whitee tube gradually declined in Europe, and after a number of 
reorganisationss this part of the production was closed in 1987. Only the facilities 
forr glass bases (key components of picture tubes) and diodes were kept in 
Stadskanaal.. The number of employees fell off till less than 1,000. 

Thee successive reorganisations had a bad influence on the morale of the 
employees,, who felt that the end of Philips in Stadskanaal was near. In this 
pessimisticc atmosphere management launched a programme aimed at 
continuingg the Philips activities in Stadskanaal on a sound basis. The financial 
resultss should improve owing to higher efficiency, better delivery performance, 
improvedd quality, and faster innovation. At the same time the quality of work 
andd the organisation were improved. After a few years it became clear that the 
programmee had been successful: the process of downsizing stopped, and in 
factt the company grew again to about 1,100 employees. 

Inn the nineties Philips Stadskanaal implemented SPC, as described in the 
previouss section. The quality programmes ISO 9000 and QS 9000 were 
successfullyy introduced, as was the environmental programme ISO 14000. The 
companyy was placed in the finals of the 1994 Dutch Quality Prize. And 
improvementt teams were successfully competing in the Philips Semiconductors 
Qualityy Improvement Competition. At its 4001 anniversary Philips in Stadskanaal 
wass in a very healthy condition. This did not last long, however, mainly because 
thee predicted big growth did not materialise; in fact the market grew only 
marginally,, with huge variation between years. Another reorganisation became 
necessaryy in the year 1999; the results are not yet known. 

Thee most important activity of Philips Stadskanaal is to design and manufacture 
diodes.. A diode is an electronic component (an electrode with only two 
connections)) acting as an electrical valve: current is conducted in only one 
direction,, while it is blocked in the other. Diodes are used on printed circuit 
boardss as switches or rectifiers. In figure 1.1a sketch of a diode is shown. The 
heartt of the diode is the crystal, a small piece of semiconductor material. The 
otherr components are needed to make it a proper device. Two types of diodes 
cann be distinguished: leaded and unleaded (or surface mounted). Philips in 
Stadskanaall is specialised in medium power glass diodes. 

Diodess are manufactured in two stages. The first part is the production of the 
crystal:: silicon wafers are ground to a specific thickness, then the wafers are 
contaminatedd with boron and phosphor atoms in a diffusion process, then a thin 
metall layer is evaporated on the wafer, and finally the wafer is separated into 
crystals.. The second part of the production process is the assembly, testing and 
packagingg of diodes. The four product lines in Stadskanaal have separate 
assemblyy departments, supplied with crystals from the central diffusion 
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department.. The annual production in Stadskanaal is  2 billion diodes, with a 
turnoverr of 75 million euro. It is part of the business line "Power" within Philips 
Semiconductors,, with a marketing department located in Hazel Grove 
(England). . 

crystal l 

leadd / 

studd glass bead 

FIGUREFIGURE 1.1. Sketch of a glass bead diode 

Anotherr activity of Philips in Stadskanaal is the design and production of glass 
bases.. It is a unit of about 150 employees; it belongs to the product division 
Components,, operating rather independent of the Semiconductors business of 
Stadskanaal.. Service organisations (Finance & Accounting, Information 
Technologyy Support, Personnel and Organisation, Purchasing, etc.) work for 
bothh parts. 

Sincee the reorganisation at the end of the 1980's the production personnel in 
Stadskanaall is organised in so-called "whole task groups", a concept derived 
fromm the sociotechnical organisation form (cf. Haak, 1994). The idea is that a 
groupp of operators - not a shift leader - is jointly responsible for the productivity 
andd quality. The group guards the progress of work orders, solves small 
problems,, and improves the process. Advantages of whole task groups are that 
theyy are flexible, and that the number of hierarchical levels is small. A 
disadvantagee is that an organisation with whole task groups is difficult to 
control:: managers cannot control directly but need to rely on coaching the 
groupss and supporting them. This type of management appears not to be 
natural,, therefore a good environment and continual maintenance is required. 
Neww managers need training in this type of management or they will return to 
thee older form of direct control. 
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Chapterr  2 

AA FRAMEWORK FOR IMPLEMENTATION OF 

SPC C 

2.1.. INTRODUCTION 

Statisticall Process Control (SPC) has become an important part of quality 
controll activities. Approaches for implementing SPC can hardly be found in 
literature,, however. Many descriptions focus on the tools of SPC (e.g. Duncan, 
1974;; Montgomery, 1996; Wheeler and Chambers, 1992), and there are also 
somee papers focusing on organisational aspects of implementation (e.g. Parks, 
1983,, 1984; Gaafar and Keats, 1992). This chapter describes a framework for 
implementationn of SPC, including both methodological and organisational 
aspects. . 

Confusionn about the exact meaning of SPC may be a reason why a 
comprehensivee view on its implementation is lacking. Often SPC was equated 
withh control charts, but nowadays it is dearly recognised that the control chart is 
justt a methodological tool. This chapter presents SPC as a hands-on approach, 
aa coherent set of activities to analyse, improve and monitor processes. The 
approachh is based on statistical thinking (Snee 1990; Hoerl, 1996). SPC 
generallyy starts in production departments, but the concept can be used for all 
processess (e.g. designing processes and products, administration, purchasing). 
Thee framework for implementing SPC will therefore primarily be directed 
towardss production processes. In addition we will describe how company-wide 
implementationn of SPC sets the stage for Total Quality Management (TQM) 

Ann inherent danger of a framework is that its flexibility is too limited to be of 
practicall use. Especially methodological guidelines are often directed to a 
specificc situation. The QS 9000 standard, for example, a standard much 
broaderr than ISO 9000, used by Chrysler, Ford, and General Motors for 
prescribingg and auditing Total Quality Management systems (see Chrysler, 
Fordd and General Motors, 1994), concentrates on mass production and 
automotivee industry. Other types of industry may therefore have difficulties in 
usingg the standard. The framework in this chapter avoids too much rigidity by 
describingg not just the activities, but also the underlying goals or functions. 

Thee organisational part of the framework consists of the use of four phases in 
thee implementation (as described in Section 2.2) and a structure for SPC 
implementationn described in Section 2.3. The methodological part consists of 
ann activity plan for teams to implement SPC for a process (Section 2.4). In 
Sectionn 2.5 the assurance of SPC is discussed, and in Section 2.6 the results 
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fromm the implementation at Philips Semiconductors in Stadskanaal are given. 
Thiss chapter concludes with a discussion about the role of a statistician in 
industryy (Section 2.7). 

2.2.. PHASES IN THE SPC IMPLEMENTATION 

Deming'ss observations on the slow acceptance of SPC were mentioned in the 
previouss chapter. Other literature confirms his observations; most of the 
reasonss why implementation of SPC fails are in the field of organisational and 
sociall factors (cf. Dale and Shaw, 1991; Gaafar and Keats, 1992; Mann, 1995): 
•• lack of management and operator commitment; 
•• lack of understanding and training of SPC techniques; 
•• poor project control and fading attention after the first introduction of SPC. 

Basedd on our own experience with implementing SPC, we can add some extra 
problems. . 
•• It takes several years to implement SPC company-wide. 
•• Constant attention and support of executive management are required. 
•• SPC calls for delegation of tasks, responsibilities and qualifications to the 

lowestt possible level. 
•• Implementation of SPC has to be guided by an expert with thorough 

knowledgee of the possibilities and problems with statistics. 
•• The organisation has to be familiar with tackling problems through the use of 

data. . 
•• Teamwork and a project management approach are essential. 
Thesee problems arise especially when the implementation is concentrated on 
thee methodological aspects of SPC. More attention to organisational aspects 
mightt well avoid such problems. This requires careful planning of the 
implementationn phases, as well as a suitable organisational structure (see the 
nextt section). How exactly a company is organised is not really important for 
introducingg SPC - in principle any organisation is suitable, although an 
organisationn based on e.g. sociotechnical principles (cf. Haak, 1994) is better 
suitedd than many others. There's a good chance, however, that an organisation 
thatt has successfully implemented SPC along the lines described in this 
chapter,, will have changed considerably. In Section 2.5 we will return to this 
matter. . 

Thee beginning of SPC implementation in a company generally starts with an 
orientationn period, when executive management learns about the basics of SPC 
andd becomes aware that SPC may contribute to the company's bottom line. 
Externall influences, such as the insistence of a customer that SPC should be 
implemented,, may play a role in this process. Philips Semiconductors, for 
example,, started introducing SPC because the American automotive industry 
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urgedd the company to do so. Among the benefits of SPC a number of 
advantagess should be mentioned: 
•• reduction of waste; 
•• predictable processes; 
•• better customer/supplier relations; 
•• insight into process performance; 
•• data-oriented decisions; 
•• more responsible and involved personnel. 

Afterr executive management has been convinced to use SPC, the 
implementationn is divided into the following four phases (see Figure 2.1): 
•• phase 1: Awareness; 
•• phase 2: Pilot projects; 
•• phase 3: Integral implementation in production; 
•• phase 4: Setting the stage for Total Quality. 

1.. Awareness 

2.. Pilot projects 

3.. Integral implementation 

4.. Setting the stage for Total Quality 

FIGUREFIGURE 2.1. Phases of SPC implementation 

Phasee 1: Awarenes s 
Thee formal start of the implementation of SPC is an awareness meeting for the 
stafff of the company. The aim of this meeting is to let the staff become 
acquaintedd with the background of the SPC approach and its impact on the 
totall operations management. The meeting addresses the following subjects. 
•• SPC entails a shift from inspection to prevention. 
•• SPC is a new type of management whereby tasks, responsibilities and 

qualificationss are assigned to the lowest possible level within the 
organisation. . 

•• SPC is a way of establishing the capabilities of processes. 
•• All processes show variation, and dealing with variation is a central point of 

SPC. . 
•• Variation should be recognised, quantified, controlled and reduced. 
•• Project management and teamwork are the norm. 
Thee awareness meeting has to be successful, because for management it is 
thee first impression of SPC. A good preparation for the meeting is of the utmost 
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importance;; a failure can be fatal! The assistance of an external consultant may 
bee very useful. 

Afterr the awareness meeting a Steering Committee is formed (see Section 2.3) 
withh the first assignment to make an implementation plan. The plan is based on 
interviewss with staff members from all departments involved and should include 
processess to be dealt with in pilot projects. The processes of the pilot phase 
shouldd be known as problematic (but not too extensive and complex) so that 
reall results can be achieved. 

Phasee 2: Pilo t project s 
Fromm the start of this phase a project management approach should be used, 
guidedd by the Steering Committee. The Steering Committee installs a few 
teamss to work on the processes selected in the previous phase. The 
assignmentt for these teams, called Process Action Teams or PATs (see 
Sectionn 2.3), is to bring their processes under control, using an activity plan 
(seee Section 2.4). When a PAT has gone through the whole programme and 
thee measures have been implemented, one may speak of an operational SPC 
point.. Depending on the complexity and size of the process, the throughput-
timee ranges from three months to more than a year. This is based on weekly 
meetingss of two hours, plus an additional hour per week in the period that the 
processs is thoroughly analysed. 

Too increase the acceptance and to improve the knowledge of SPC, it can be 
usefull to give SPC training for members of the steering committee, process 
engineers,, quality engineers and development engineers. Does et al. 
(1996,1999a)) is perfectly suited for this training. The PAT members get training 
onn the job during the team meetings. 

Afterr approximately half a year, feedback about the results of the pilot projects 
willl be given to the SPC Steering Committee. Based on the results a go/no go 
decisionn will be made. At this point it is not yet reasonable to expect financial 
benefits,, because the organisation needs to learn and for long-term effects it is 
stilll too early. However, there should be confidence that the direction is right 
andd that SPC can control processes and improve profits. 

Phasee 3: Integra l implementatio n in productio n 
Iff the first phase can be characterised as preparatory, and the second phase as 
carefull try-outs, now the time has come for integral implementation of SPC. The 
SPCC Steering Committee will install more Process Action Teams to bring other 
processess under control, until finally every important step is in control. The 
throughput-timee of this phase is 1.5 to 2.5 years. During this phase it becomes 
clearr that the activities in production have effects on development, purchasing, 
customers,, maintenance and other supporting activities. 
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Fromm the beginning of this phase it is necessary to give one person within the 
companyy the task of co-ordinating the SPC activities. External assistance may 
bee necessary both for specialised support and for supervision of the teams. But 
thee in-house co-ordinator has to become more and more the expert and the 
drivingg force. This employee should now give SPC training to all people 
involved,, if necessary assisted by an external SPC consultant. 

Phasee 4: Settin g the stag e for Total Qualit y 
Whenn a process is under control the PAT is dismissed and transformed into a 
Processs Improvement Team (PIT), which should be part of the regular 
organisation.. The tasks of a PIT are to assure process control, to tackle new 
problems,, and to search for improvement opportunities. The tasks of the 
Steeringg Committee should also be transferred to the regular organisation. 

Inn this phase the SPC approach is also broadened to other parts of the 
organisation.. Since SPC is based on prevention instead of detection, there are 
twoo natural new areas for SPC. The first is the Development department: 
productss and processes should be designed with less variation. The other area 
iss the Purchasing department: failures in incoming material, new equipment and 
toolss can only be avoided when suppliers use SPC. The in-house acquired 
experiencee with implementing SPC can be used to convince the supplier of the 
necessityy to use SPC, and to assist with the implementation. In this phase other 
steeringg committees should be installed to guide the implementation in the 
variouss departments. 

Thee main purposes of SPC are: 
•• to describe and to know the process; 
•• to trace potential weak points and to improve these; 
•• to define effective measurements and control loops; 
•• to assess the performance as a basis for continuous improvement. 
Thiss is not only valid for production departments. When SPC is implemented in 
alll parts of the organisation, and customers and suppliers are involved as well, 
itt leads to Total Quality Management. This will take at least five more years: the 
implementationn in a department will take approximately one and a half year and 
becausee of a limited capacity to introduce changes, not all departments should 
startt at the same time. 

2.3.. ORGANISATIONA L STRUCTURE FOR SPC IMPLEMENTATION 

Thee organisational structure that is used to implement SPC consists of Process 
Actionn Teams and a Steering Committee. Executive management is of course 
responsiblee for the whole implementation process. The structure depicted in 
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Figuree 2.2 stresses the fact that both executive management and the Steering 
Committeee should mainly play a supporting role for the PATs. 

PAT T 

FIGUREFIGURE 2.2 

PAT T 

Organis Organis 

PAT T 

Steering g 
Committee e 

Executive e 
Management t 

atior atior 

PAT T PAT T 

taltal structure for SPC implementation 

Executiv ee Managemen t 
Executivee management has given commitment and has delegated the 
managementt of the implementation to the Steering Committee. Progress is 
monitoredd based on reports from the Steering Committee. 

Steerin gg Committe e 
Thee PATs are the main vehicles for implementing SPC, but the Steering 
Committeee plays an important role in initiating and controlling the 
implementationn process. Although in the first three phases the projects will be 
concentratedd on the Production department, involvement and commitment of 
otherr disciplines is necessary because the SPC projects will have 
consequencess for related departments. To ensure commitment of all relevant 
managers,, the manager Operations should be chairman of the Steering 
Committeee and managers of Purchasing, Development, Quality and 
Maintenancee should be members. The SPC co-ordinator should be a member 
ass well. The main tasks of the Steering Committee can be summed up in four 
mainn elements: 

(1)(1) Initiation and promotion: 
•• set objectives and form teams; 
•• stimulate SPC awareness through personal involvement; 
•• initiate promotion activities such as SPC news and bulletin board; 
•• stimulate teambuilding and recognition; 
•• reward good results. 

(2)(2) Providing method and means: 
•• provide activity plan (see Section 2.4); 
•• assure availability of time for SPC activities; 
•• initiate training and external support; 
•• provide extra budget to realise improvements. 
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(3)(3) Controlling: 
•• monitor progress of PATs; 
•• assess problems and assure progress ; 
•• set priority for quality activities; 
•• assess results and certify teams when ready ; 
•• make sure that the control plan is developed. 

(4)(4) Reporting to executive management: 
•• report progress and results; 
•• advise on quality strategy; 
•• perform cost-benefit analyses. 

Proces ss Action s Teams 
Itt should be emphasised that SPC cannot be implemented by just a few 
engineerss or staff members. Teams are needed which include people from all 
departmentss involved, and especially production personnel. Their knowledge 
andd commitment are crucial to make SPC successful. 

Thereforee the approach is based on Process Action Teams (PATs), comprising 
representativess of all directly involved disciplines. A typical PAT consists of 2-5 
operatorss (depending on the number of shifts) and their supervisor, a process 
engineer,, maintenance engineer, internal customer, and an SPC expert. If 
necessaryy a development engineer, quality engineer and someone from the 
purchasingg department should be part of the team, but ad hoc support may be 
sufficient.. The person that has the technical responsibility for the process, 
generallyy a process engineer leads the team. The secretary has to be a person 
withh experience in writing reports, for example a development engineer. His 
taskk is to make notes of agreements and the results of the meetings (i.e. the 
resultss of the activity plan). 

Beforee the start the team gets a short introduction to SPC from the SPC expert. 
Thee training is comparable with the introduction for the executive management 
duringg the awareness day, but it is adapted to the right level. Other training may 
bee necessary when the team works on the activity plan. Obviously not all 
operatorss can be part of a PAT (for practical reasons), so it is important that the 
teamm members communicate the activities, problems and results of the project 
withh their colleagues. 

Thee assignment of a PAT is to bring the process under control (using the 
activityy plan), to implement SPC on the shop floor, and to prepare the 
organisationn for assuring SPC. The time spent on the activity plan and related 
activitiess may vary from 2 hours per week for a normal member to 4 hours for 
thee secretary. Meetings should last at most 2 hours and should be held at 
regularr times and intervals. 
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2.4.. METHODOLOGICAL PART OF THE FRAMEWORK: 
THEE ACTIVITY PLAN 

Thee team receives a well-defined assignment of the SPC Steering Committee. 
Thee commitment of the Committee can be stressed when one of its members 
attendss the first meeting of the PAT. The assignment is written down on a 
standardd form that is signed by each team member. The form describes: 
•• the results to be achieved; 
•• the time frame; 
•• the schedule for reporting to the Steering Committee; 
•• the expected amount of time required from the participants. 

Thee primary goal is to bring the process under control using the activity plan 
describedd in this section. This activity plan consists of ten steps and is laid 
downn in a workbook that includes a brief instruction for each step and standard 
formss for the results. The advantage of using such a workbook is the possibility 
forr training on the job, standardisation of terminology, and the possibility to 
structuree and monitor the implementation. The activities and a typical time 
framee are depicted in Figure 2.3. 

Step p 

Processs Description 

Causee and Effect Analysis 

Riskk Analysis 

Improvementt Actions 

Measurements s 

Measurementt Analysis 

Controll Charts 

Outt of Control Action Plan 

Processs Capability Study 

Certification n 

Timee tabl e 

 (D 

•• (2) 

(3) (3) 

(10) ) 

(10) ) 

•• (1) 

(3) (3) 

•• (6) 

(10) ) 

(3)) M 

Weekk 0 6 16 26 39 

FIGUREFIGURE 2.3. The activity plan and a typical time frame (the number of weeks is 
indicatedindicated between brackets) 

Thee ten steps of the activity plan can be grouped around the main purposes of 
SPC: : 
•• steps 1-3: describe the process and trace potential weak points; 
•• steps 4, 5: search for improvements for weak points; 
•• steps 6-8: define effective measurements and control loops; 
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•• steps 9, 10: assess the performance and arrange for continuous 
improvement. . 

Thee main purpose of this section is to give an overview of the activity plan. For 
eachh step first a brief description of the activities is given. Then the 
methodologicall and business process goals are stated, and the results are 
listed.. Although the goals of each step are quite universal, the activities may 
havee to be tailored to a specific situation. Therefore each step is concluded with 
aa few guidelines for use. 

Stepp 1: Proces s Descriptio n 
DescriptionDescription of activities. In the first step the process is described. Beginning 
andd end are clearly defined, and everything in between is described in small 
parts.. The steps with an important contribution to the final result of the process 
aree indicated. The process steps should be numbered. It is important to 
describee the actual situation, not the theory. The results are written down on a 
standardd form. 
•• Methodological goals: zoom in on the process; make a detailed description 

off the actual situation as perceived by ail team members; define process 
steps. . 

•• Business process goals: discuss different ways of working; agree on the 
heartt of the process. 

aa Result: process description form with process step numbers and names. 

GuidelinesGuidelines for use. In order to achieve a comprehensive overview, it may be 
necessaryy (for large processes) to zoom in and describe the process in two or 
threee levels. Visual techniques like flowcharts can be helpful, but the danger is 
thatt they become an aim in themselves. In this step some improvements may 
alreadyy be found by comparing the actual way of working of different operators 
withh operating instructions. 

Stepp 2: Cause and Effec t Analysi s 
DescriptionDescription of activities. Each important part of the process (as established in 
stepp 1) is analysed in more detail. Every reasonable failure cause is 
summarised,, and possible effects are mentioned. Cause and effect diagrams, 
alsoo known as Ishikawa diagrams or fish bone diagrams (cf. Wads worth et al, 
1986)) may be useful. The failure modes should be described as perceived by 
operators,, while effects should be problems with the product or waste of the 
processs (downtime, scrap,...). 
•• Methodological goals: describe main causes for problems and their effects 

inn each process step. 
QQ Business process goals: collect and exchange process knowledge within a 

team team 
•• Result: a list of possible cause and effect relations. 
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GuidelinesGuidelines for use. The importance of cause and effect combinations is 
determinedd in the next step; this step calls for real brainstorming to find all 
possiblee failure modes, with the emphasis on completeness. There is no need 
too describe a failure mode very profoundly in this phase; if it turns out to be 
reallyy important then later in a next step it will be necessary to dig deeper to find 
thee root cause and take corrective actions. 

Stepp 3: Risk Analysi s 
DescriptionDescription of activities. For each cause and effect combination the relative 
importancee is determined with a technique similar to Failure Mode and Effect 
Analysess (FMEA) (cf. Stamatis, 1995). The risk priority number of each 
combinationn is calculated by multiplying scores for the frequency of the cause, 
thee severity of the effect, and the chance to prevent it happen (the detection). 
Scoress rate from 1 to 10 for the best to the worst situation. Cause and effect 
combinationss with high risks will be analysed and improved with high priority in 
thee following steps of the activity plan. 
•• Methodological goal: find cause and effect combinations with highest risks, 
aa Business process goal: agree on importance of cause and effect relations 

betweenn multidisciplinary team members, 
oo Result: a list of causes and effects ordered on the basis of their risk levels. 

GuidelinesGuidelines for use. The determination of frequency, severity, and detection can 
bee rather involved, because it is often difficult to score the criteria 
independently.. Furthermore, assigning numbers is often subjective. However, 
thee process of scoring gives the team members more insight in the motivation 
andd helps to reach consensus. If the frequency of the cause and the severity of 
thee effect are subject to discussion, it may be useful to study historical data or 
too monitor the process using a logbook for some time in order to augment the 
judgements. . 

Stepp 4: Improvemen t Action s 
DescriptionDescription of activities. In this step the PAT defines and plans improvement 
actions,, to reduce the risk numbers of the most important cause and effect 
combinations.. The Pareto principle will be used: about 20% of the cause and 
effectt combinations with the highest risks are responsible for about 80% of the 
problemss in the process. Reducing the risk can be done by improving at least 
onee of the three scores frequency, severity, and detection. The severity of an 
effectt is often difficult to influence, however. The team needs to dig as deep as 
possiblee into the failure modes. A superficial solution is not good enough; 
insteadd the root cause should be found and eliminated. This requires problem-
solvingg techniques (Wadsworth et al., 1986), using existing knowledge and 
availablee data. Additional measurements (see step 5) might be needed to 
expandd existing knowledge of the process. The improvement actions are listed 
onn a form, together with the planning and the responsible team members. The 
listt is used to monitor progress throughout the rest of the project. When 
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improvementss are made the risk analyses should be updated in order to check 
theirr effectiveness. 
•• Methodological goals: generate and implement improvements; check 

successs of improvements. 
•• Business process goals: use multidisciplinary teams; control activities to 

implementt improvements. 
•• Result: a list with improvements, planning and responsible people for 

implementation. . 

GuidelinesGuidelines for use. The activities in this step can vary significantly from one 
projectt to the other. Improvements range from organisational (e.g. procedures) 
too technical (e.g. machine adjustments); for this reason multidisciplinary teams 
cann be very effective. Although the normal task for process engineers is to 
improvee the process, it would be unwise not to utilise the capabilities of 
operatorss and others. Operators are very capable of finding solutions of 
practicall problems. Involvement of operators also improves commitment to the 
solutions,, it improves their understanding of the process, and makes it easier 
forr them to assist in testing and implementing (and thus relieving the engineers 
off work). 

Stepp 5: Measurement s 
DescriptionDescription of activities. To find root causes for problems and possible 
improvementss that are not immediately clear, both process parameters and 
productt characteristics should be monitored for a while. But there is another 
reasonn for this step, because the team should also select one or more 
parameterss to control the process. Such parameters should fulfil two conditions: 
bee useful for setting up control loops, and represent value for the customer. A 
plann is made to collect, monitor, and analyse the measurements. 
•• Methodological goals: collect data for more insight in the process; select 

controll parameters. 
•• Business process goals: improve data collection. 
•• Results: data for analysing root causes; parameters for process control. 

GuidelinesGuidelines for use. The measurements should explicitly be directed towards 
improvingg or monitoring the process. Feelings have to be converted into facts 
throughh measurements. Operators are again very important; they can make or 
marr the value of the data, because in the end they are often the ones who have 
too do the job. 

Stepp 6: Measuremen t Analysi s 
DescriptionDescription of activities. The PAT has to check whether the measurements for 
monitoringg the process can be trusted. Measurements can be biased (have a 
systematicc error) which is reason to calibrate the measurement system 
regularly.. But measuring itself also adds a certain amount of random variation. 
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Inn this step a small experiment is carried out, to investigate the magnitude of 
thee measurement variation. Distinction is made between variation in the 
measurementt device itself (repeatability variation) and variation due to using 
thee device (reproducibility variation). The analysis is therefore also known as an 
R&RR study. Repeatability is short-term variation, caused by differences 
betweenn measurements of a product from a single operator in a short time 
period.. Reproducibility is caused by differences between operators and 
conditions,, leading to long-term variation. The suitability of the measurement 
systemm is often judged by relating the total measurement variation to the 
tolerancee width: it should be less than 30% (cf. Automotive Industry Action 
Group,, 1990). If repeatability variation cannot be reduced to an acceptable 
level,, then compensation is necessary by repeating the measurements and 
takingg averages. Eliminating the differences between operators and/or 
measurementt conditions can reduce large reproducibility variation. A better 
measurementt system is needed when the reduction of measurement variation 
iss not good enough. 

•• Methodological goal: verify the suitability of the measurement system; trace 
thee most important sources of variation. 

•• Business process goal: stress importance of small measurement variation. 
•• Result: the measurement variation is sufficiently small. 

GuidelinesGuidelines for use. The standard R&R study (Automotive Industry Action 
Group,, 1990) is based upon the assumption that operators are the most 
importantt source of reproducibility variation. If another source of variation (e.g. 
ambientt temperature) is clearly more important the experiment should be 
changedd to include this factor. The help of the SPC expert is necessary to 
designn and analyse the experiment. Standard R&R studies are designed for 
non-destructivee quantitative measurements. For other kinds of data the 
experimentt should be tailored to the situation (see e.g. Futrell (1995) for 
subjectivee classifications, or Automotive Industry Action Group (1990) for 
attributes).. Even interpretation of the standard R&R study could benefit from the 
helpp of the SPC expert, however, because this is less straightforward than it 
wouldd appear. In Chapter 3 of this thesis we discuss a fairly common situation, 
inn which the measurements are normally done by a small group of operators 
(observers).. In the standard R&R study the experiment is analysed as if there is 
inn fact a large number of observers. This might lead to a dramatic difference 
betweenn the real measurement variation and the result from the study. There 
aree more situations for which the standard R&R study should be clarified (Van 
denn Heuvel, 2000). 

Stepp 7: Contro l Chart s 
DescriptionDescription of activities. The control chart is the most useful tool for gaining 
insightt in the state of the process. Product or process characteristics are 
chartedd in order to detect when a process is out of control. The control chart 
discriminatess between common causes of variation (inherent to the process) 
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andd special causes. This is achieved by using control limits based on recent 
dataa from the process itself. To calculate the limits a two-step procedure is 
applied.. First, preliminary limits are calculated based on all data (at least 20-25 
sampless are required). Points outside the limits indicate special causes of 
variation,, and are investigated thoroughly by the PAT. Simple tools as trend 
graphs,, histograms and scatter diagrams (cf. Wadsworth et al., 1986) can be 
usedd for analysis, but occasionally a more involved analysis requires the help of 
thee SPC expert. The investigation is aimed at elimination of special causes, to 
improvee the process. The second step of the procedure is to recalculate the 
controll limits based on in-control data only, thereby establishing a norm for the 
processs inherent variation. 
•• Methodological goals: process analysis; process control. 
QQ Business process goal: introduce tool to judge any process in the 

organisation;; distinguish between common causes and special causes of 
variation. . 

•• Results: well-described measurements; knowledge of the status of the 
process;; limits for process inherent variation. 

GuidelinesGuidelines for use. The type of control chart to be used depends on the 
characteristicss to be controlled. The standard textbooks describe the X-R or X-s 
chartss as appropriate when dealing with sampled variable data. These charts 
cann be misleading, however, because the underlying assumptions are often not 
fulfilledd (cf. Roes and Does, 1995). Fortunately, there is a good and simple 
alternative:: separate individuals charts for all relevant characteristics, using the 
movingg range method to estimate the process variation. In Chapter 4 the 
methodd is outlined, and some multivariate alternatives are discussed. An 
importantt disadvantage of multivariate control charts, however, is that their 
interpretationinterpretation can be rather involved, and for this reason we favour our 
univariatee method. More detailed information about control charts can be found 
inn e.g. Duncan (1974), Montgomery (1996), or Wheeler and Chambers (1992). 

Stepp 8: Out of Contro l Actio n Plan (OCAP) 
DescriptionDescription of activities. The control chart can only become effective as a 
controll tool when operators know which action has to be taken in an out of 
controll situation. The OCAP provides the necessary diagnostic knowledge to 
determinee the cause of the out of control situation; it lists the actions to be 
takenn to resolve the problem; and it indicates how to deal with the products 
producedd when the process was out of control. The aim of an OCAP is to give 
operatorss the maximum possibility to solve the problems themselves. The use 
off flowcharts to represent the OCAP has shown to be very helpful (Sandorf & 
Bassett,, 1993). 
aa Methodological goal: collect all available diagnostic knowledge in a simple 

format, , 
aa Business process goals: assure universal approach among operators; 

documentt responsibilities for actions; delegate control to operators. 
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•• Result: a description of how to operate in out of control situations. 

GuidelinesGuidelines for use. Out of Control Action Plans are indispensable tools to 
accompanyy control charts. But even without control charts (with visual checks, 
forr example) OCAPs can be effective tools for guiding operators towards 
solutions.. For the first OCAP the results of the Cause and Effect Analysis (step 
2)) will be useful. An OCAP is not a static document: when process knowledge 
increasess the OCAP should be adapted to accommodate the new knowledge. 

Stepp 9: Proces s Capabilit y Stud y (PCS) 
DescriptionDescription of activities. In this step the status of the process is described: is 
thee process under control? And does it meet the specifications? A controlled 
processs is stable, with a predictable percentage non-conforming products. To 
judgee the stability of the process a histogram and recent control charts should 
bee included in the Process Capability Study (PCS). To see whether 
specificationss are met process capability indices (like Cp or Cpk) can be 
calculated,, to quantify the ratio of tolerance width and process inherent 
variation.. More detailed information about Process Capability Studies and 
processs capability indices can be found in Kotz and Johnson (1993). 
aa Methodological goal: describe the status of the process with respect to 

controll and yield, 
aa Business process goal: way of communicating process performance. 
•• Result: concise overview of the status of the process. 

GuidelinesGuidelines for use. A minimum of 100 measurements is needed to calculate a 
processs capability index. Interpretation of these indices may be tricky, however, 
forr several reasons (Kane, 1986; Gunter, 1989; Bissel, 1990). Capability indices 
forr process characteristics only make sense when specifications are present 
andd the relation with product characteristics and customer requirements is 
exactlyy known. 

Stepp 10: Certificatio n 
DescriptionDescription of activities. In this final step the activities of the PAT and the 
performancee of the implemented SPC system will be evaluated by the Steering 
Committee.. A standard checklist is used to make sure that the PAT knows what 
iss expected. The team prepares for the audit and if necessary a dedicated SPC 
trainingg is organised for all operators. The audit concentrates on five topics: 
presencee of SPC elements; use of SPC elements; capability of the process; 
controll of documents; and maintenance of the SPC system. When the 
performancee is approved a meeting is organised in which the PAT members 
aree congratulated with the results, and the process is certified. In this phase 
arrangementss are made for maintaining and improving the SPC system, and a 
Processs Action Team is replaced by a Process Improvement Team (PIT), which 
iss part of the regular organisation. The tasks of a PIT are to assure process 
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controll (check control limits and adapt the OCAP), to tackle new problems, and 
too search for improvement opportunities. 
•• Methodological goals: check the results of the project; assure control and 

arrangee continuous improvement. 
•• Business process goals: stimulate and reward teamwork; finalise the PAT; 

assuree results achieved; set the stage for continuous improvement. 
•• Results: SPC is implemented; the process is under control; an improvement 

teamteam has started to work on the process. 

2.5 ..  ASSURANCE OF THE SP C SYSTEM 

Oncee an SPC system has been installed, there's a real danger that the people 
involvedd sit back and relax. But, without specific maintenance of the control 
chartss and the OCAP the results that have been achieved will be lost 
eventually.. For this reason it is useful to audit the SPC system regularly and 
limitt the validity of certificates to one year. PITs (Process Improvement Teams) 
aree the organisational vehicles for maintenance of SPC. 

Thee members of the PIT might be the same as the PAT members. But in order 
too broaden the SPC knowledge and involvement, it is advisable to replace at 
leastt some of the operators in the team. Furthermore, ad hoc participation of 
thee SPC co-ordinator and members of other supporting departments should be 
sufficient.. To stress that SPC is now mainly the responsibility of Production, one 
off the operators or their direct supervisor should chair the PIT. 

Thee first task of a PIT is of course the maintenance of the control charts and 
OCAPP of the SPC point. But for a highly capable process that is well under 
control,, this assignment is not really challenging. A second task for a PIT is 
thereforee to improve the process. The OCAP is the most appropriate starting 
pointt (cf. Sandorf and Bassett, 1993), because it can be used to register the 
frequencyy of the process disturbances, thereby pointing the direction for 
improvements.. But not just the SPC point is eligible for improvement. Various 
aspectss could be included in the assignment, such as: 
•• safety and tidiness in the work place; 
•• ergonomics; 
•• reduction of all kinds of waste; 
•• logistics. 
Thee relation with control of the process is obvious. 

Thee first five steps of the activity plan of Section 2.4 can be used for almost any 
problem.. These steps could be seen as a more concrete description of the 
"Plan"" and "Do" parts of Deming's Plan-Do-Check-Act (PDCA) cycle of 
continuouss improvement (Deming, 1986; Joiner, 1994). The "Check" and "Act" 
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partss need also be done, but the activity plan does not explicitly guide non-SPC 
assignments;; implicitly it does, however, and the steps merely need adaptation 
too specific situations. 

Inn Section 2.2 we stated that a successful implementation is in principle 
possiblee in any kind of organisation. However, the culture of the organisation 
mayy change during the process. Members of Process Action Teams: 
•• had tasks, responsibilities and qualifications to improve their own workplace; 
•• learned to defend measures and actions against criticism by their 

colleagues; ; 
•• learned to work in multidisciplinary teams; 
•• presented their achievements in public. 
Thee chances are that the distribution of tasks, responsibilities and qualifications, 
thee supporting systems and the management of the organisation no longer fit 
together.. The organisation may have become a straitjacket, impeding 
continuouss improvement. This chapter concludes with a brief description of a 
typee of organisation in which improvement teams can work well: the 
sociotechnicall organisation (Haak, 1994), with whole task groups (or self-
directedd teams, autonomous groups). There may be other types of suitable 
organisations,, but this one proved its usefulness at Philips in Stadskanaal. 

Everyy organisation will be able to split up the process into a limited number of 
elementaryy steps, surrounded with a large number of supplementary steps and 
auxiliaryy treatments. The elementary steps can be characterised by the fact that 
theyy bring added value to the product, are irreversible, and have a high risk of 
failure.. The sociotechnical organisation is built around these elementary steps. 
Withh SPC, on the other hand, also a form of control has been installed around 
eachh elementary step. Each whole task group is responsible for at least one 
elementaryy process step and therefore accommodates at least one Process 
Improvementt Team. If the whole task group is not too large (a maximum of 
aboutt 12 persons) it may coincide with a PIT. In larger whole task groups the 
PITT is a representative team with a special improvement task. We advise to 
changee the composition of the team regularly, so that everyone participates 
everyy now and then. Another possibility for maximal involvement is to set up 
severall PITs, each with a separate improvement task, and everybody 
participatingg in one team. Operators need to be competent in improvement 
activitiess while working in teams. They almost certainly need to be trained, while 
theirr superiors should be competent coaches. 

Thee picture given is more or less the ideal situation, a stage not (yet) reached 
byy many companies. Philips in Stadskanaal is one of those companies still 
seekingg for the perfect organisation. The above description shows the crucial 
rolee of people in a sociotechnical organisation, not just the operators in the 
wholee task groups, but also their superiors who are supposed to be coaches. 
Ultimately,, however, it is executive management that determines how the 
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differentt people interact, more or less independent of the organisational 
structure.. And with this remark we are back at Deming and his observations 
aboutt leadership (Section 1.1). 

2.6.. THE RESULTS AT PHILIPS SEMICONDUCTORS IN STADSKANAA L 

Beforee concluding this chapter with a discussion about the role of a statistician 
inn industry, we give an overview of the results of SPC implementation at Philips 
Semiconductorss in Stadskanaal. The reader may recall from Section 1.1 that 
thee introduction of SPC started in 1992 with an awareness session for 
management,, and two successfully operating pilot teams. In the next three 
yearss SPC was introduced plant-wide at more than 25 critical processes, all 
alongg the line of the methods described in this chapter. About 90% of the 
Processs Action Teams were successful, and concluded their activities with a 
certifiedd process. The teams that failed suffered from their not being able to find 
suitablee measurements to set up a control loop. The successful teams were 
doingg a great job; we calculated that the financial benefits of each team 
amountedd to an average of at least 100,000 Dutch guilders, thanks to less 
scrap,, rework, use of material, etc. Many PATs competed in the Quality 
Improvementt Competition (QIC) of Philips Semiconductors; twice a PAT won 
thee local finals, and one of these made it even to the world finals. 

Eachh SPC system started with manually updated control charts, but soon the 
needd was felt to use computer software - not in the least because the data 
neededd regular evaluation. Software was written to accommodate the needs of 
onee of the teams, but it was flexible enough to be of use for other teams as 
well.. The SPC Steering Group adopted this software as the standard. Particular 
featuress of the program are that it is in Dutch (it has to be used by operators!), 
thatt it is very user-friendly, that the Out-of-Control Action Plan is shown 
automaticallyy when a signal is issued, and that corrective actions need to be 
enteredd in the system. Regular evaluation is easy now, both for calculating 
controll limits and process capability indices, and for evaluation of out-of-control 
signalss and corrective actions. In fact, process engineers are now required to 
reportt these performance criteria regularly as a means for management to 
monitorr the processes. 

Mostt of the PATs continued as Process Improvement Teams, and after a while 
thee system of a yearly audit for continuation of the certificate was installed. But 
graduallyy the focus shifted from SPC related activities to other issues. Also 
manyy ordinary improvement teams were started, not at ail related to SPC. The 
structuree of these teams was inherited from the PATs: operators from the 
differentt shifts were included in teams where participation of operators was 
deemedd necessary. In the year 1999 e.g. there have been more than 50 
improvementt teams working in several areas of the business. The direct impact 
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off SPC on other parts of the organisation has been smaller than we anticipated. 
Onee important result is the co-operation with suppliers, in the form of SPIRIT-
teamss (Supplier Partnerships In Realising Improvement Targets) with 
participationn from both customer and supplier; another is that the release 
proceduress for new products, processes and equipment now explicitly require 
prooff of controlled and capable processes. We have still a long way to go, 
however,, before statistical thinking has pervaded the whole organisation. To 
concludee this section it is worthwhile to mention that in 1997 the organisation 
qualifiedd for the QS 9000 certificate (the successor of the Total Quality 
Excellencee program of the American automotive industry). The audit for the 
Philipss Quality Award was also passed successfully in 1998; the audit team 
explicitlyy mentioned the improvement teams as a strong asset of Stadskanaal. 

2.7.. A STATISTICIAN IN INDUSTRY 

Thee role of statisticians in industry is for many years a source of anxiety. On the 
occasionn of the fiftieth anniversary of the Netherlands Society for Statistics 
(WS)) a special newsletter was issued about the future of quantitative methods 
inn the Netherlands. My contribution to this newsletter was a paper in which I 
sketchedd a type of statistician that - according to my experience - industry 
neededd (Trip, 1995). In this section I review some papers about this topic, and 
givee comments based on my own experience as SPC expert and statistics 
consultant. . 

Sneee (1991) gave his view on the role of the statistician within the context of 
Totall Quality, a program in which statistics is only one aspect. He distinguished 
differentt roles according to whether or not the statistician, his client, and the 
organisationn are passive or active (see Table 2.1). 

organisation n 

client t 

statistician n passive passive 

active active 

passive passive 

passive passive 

None e 

Crusader r 

active active 

Helper r 

Colleague e 

active active 

passive passive 

Teacher r 

Leader r 

active active 

Dataa blesser 

Collaborator r 

TABLETABLE 2.1. Different roles of the statistician 
Snee'sSnee's opinion is that in order to survive the statistician should seek an active 
role,, whether his organisation is passive or active. Especially in organisations 
thatt actively pursue Total Quality, statisticians can only be of real help when 
theyy influence management as leaders or collaborators, although good 
technicall work is important as ever. So they need to learn the techniques of 
organisationall development. According to Snee: 

"understandingg the behavioural aspects of statistics and using 
organisationall development techniques are the greatest opportunities 
andd challenges facing statisticians today". 
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Unfortunately,, many statisticians appear not to be equipped with the skills 
requiredd to be effective in industry. Hoeri et al. (1993) give as most important 
reasons: : 
•• a broadly set of values, attitudes and behaviours that do not support 

industriall needs; 
•• a reward and recognition system that reinforces these values; 
•• an inward focus on the profession; 
•• a lack of emphasis on the fundamental role of statistics and its use in the 

scientificc method; 
•• a consuming focus on tools and methods rather than the use of statistics in 

aa systematic approach to solve problems and make improvements. 
Thee authors recommend a set of nonstatistical skills: 
•• solid grounding in the fundamentals of modern quality principles; 
•• basic understanding of the economic and technical issues of the business; 
•• knowledge of the field of organisational effectiveness; 
•• consulting and training skills. 

Theyy also give advice on the necessary statistical skills to survive, as well as 
suggestionss on literature to acquire all skills. Related to the statistical skills their 
generall theme is the need to understand how to apply statistical methods to 
solvee real problems. 

Inn a challenging paper Banks (1993) reinforces the latter theme: 
"Companiess must have access to Ph.D. level statisticians internally, 
whoo may not be developing new theory, but can comfortably command 
thee old." 

Bankss refers to the Japanese practice of dealing with statistical methods: 
"II would guess that intelligent use of simple tools will achieve about 95% 
off the knowledge that could be obtained through more sophisticated 
techniques,, at much smaller cost. Also the simple tools can be applied 
moree quickly to all problems, whereas the complex tools are unlikely to 
bee ubiquitously used." 

Hiss recommendations for industrial statisticians are more or less equal to those 
off Hoeri et al. The author also compares industrial statistics with academic 
statistics,, and notes that the greatest gulf of all between the two is one of 
respect.. He noticed that some academic statisticians regard most industrial 
statisticianss as the ones who were not good enough to succeed at a university, 
whilee applied statisticians are often openly sceptical of academics' practicality. 
Hee fears that these divisions cannot be repaired easily, but hopes that 
universitiess design curriculums that take better account of the needs of applied 
statisticians.. After all, that's what the majority of their Ph.D. and Master's 
studentss will be. 

Inn his comment Hahn gives a description of the industrial statistician: 
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"Graduatess suited for industry are likely to become impatient with the 
academicc environment and slow pace of the university. High grades is 
oneone of the things that we, in industry, look for in candidates - but it is 
onlyy one of many. We need excellent communicators (who can talk in 
theirr customer's language, rather than in statistical jargon), good 
listeners,, hard workers, team players and fast learners. We look for 
peoplee who are enthusiastic, who are willing to work simultaneously on 
multiplee projects ̂  who are self-confident - without being arrogant, who 
cann rapidly diagnose a problem and see the big picture, who are willing 
too ask fundamental questions and challenge assumptions, who are good 
att selling projects and themselves, who can cope with frequent 
managementt reviews and changes of direction - and who are still 
cheerfull at the end of the day. It is not an environment that is conductive 
too proving theorems - but it is hectic and exiting!" 

Withh so much attention to nonstatistical skills, we might easily forget that 
statisticss is still the core competence of a statistician. Gunter (1998) warned 
stronglyy for watered-down quality, and quality professionals without a specific 
sett of core skills. But he blames statisticians for sticking to the 'now archaic and 
simplistic'' control charts, while there are so many new and powerful methods: 

"Wee have become a shockingly ingrown community of mathematical 
specialistss with little interest in the practical applications that give real 
sciencee and engineers their vitality." 

Gunterr notices that the computer science is eager to step into the breach. 

Hahnn and Hoeri (1998) notice also that the impact of computer science on 
statisticss is large. In the first place is the accessibility of statistical software 
responsiblee for the "democratisation of statistics". Then there is the fact that 
variouss new approaches for data analysis were introduced (e.g. neural 
networks,, fuzzy logic and data mining), often independently of the statistical 
community.. And finally, we now have the opportunity to work with management 
informationn systems. In this world of "statistics without statisticians" the unique 
valuee of the statistician may - according to Hahn and Hoerl - bring: 

"ann 'improvement' mindset - based on proactive avoidance of problems 
-- to the team and the ability to take a holistic approach to problem 
definitionn and resolution, as well as our critical quantitative skills." 

Meyer,, Trost and Vukovinsky, commenting on Hahn and Hoerl, pose the 
questionn whether we are facing a shortage of effective consulting statisticians: 

"Ourr field has not been wildly successful in attracting individuals who 
innatelyy have the characteristics it takes to be effective. Statisticians, as 
aa group, tend to be introverted. It is not likely that an introvert can be 
trainedd to be an extrovert. Therefore, the statistical profession should 
stepp up efforts to recruit more dynamic individuals to the field. 
Unfortunately,, there is much competition, and these individuals are likely 
too be attracted to fields that appear to be more exciting or have better 
pay." " 
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Thesee authors see conflicts with the theoretical rigours of the typical statistics 
Ph.D.. program at universities. Many students stop at a master's degree, and 
otherss get their statistics doctorate in a user-friendlier department (such as 
industriall engineering). 

I'mm aware that all observations are from American authors. I have a strong 
feeling,, however, that the situation is largely the same in the Netherlands. The 
perceivedd inward focus of the statistical community e.g. is in my opinion 
perfectlyy illustrated with a discussion in the Netherlands Society for Statistics to 
introducee a certification system for statisticians. Traditional statisticians felt 
threatenedd by the "democratisation of statistics", and wished to limit the harmful 
influencee of dabblers. I'm sure that clients are well able to distinguish the good 
fromm the bad statisticians. Moreover, good and bad might well be defined 
differentlyy by different types of statisticians. Another aspect of the inward focus 
off the statistical community is the reaction towards new methods from outside. 
Thee denouncing in the past of the methods of Taguchi is telling. And these days 
manyy statisticians appear to dissociate themselves from the success of the "Six 
Sigma"" program of Mikel J. Harry, even though several world-class companies 
usee it. 

AA closer co-operation between industry and academia would be useful in the 
Netherlandss as well. The gap between academic and industrial statistics exists 
heree as well. For this reason I think that it might be a good idea to recruit 
industriall statisticians among industrial engineering students, although this is 
nott without problems (see the following paragraph). The founding of an institute 
likee IBIS (Institute for Business and Industrial Statistics), being part of a 
university,, is another improvement. This is certainly useful for the education of 
students,, for research in applied statistics, for the possibilities of its co-workers 
too improve their skills, and for the industry to get expert statistical support and 
reapp the fruits of the latest developments in the field. I deem myself fortunate to 
havee the opportunity to work part-time for IBIS, and I'm sure that my employer 
inn Stadskanaal benefits from my experience. For a statistician in industry it is 
usefull to coach students in research or application projects, and I believe that 
givingg lectures for students is also very important. That the statistician needs 
goodd training and communication skills is beyond doubt; he won't succeed in 
hiss own company if he has not. 

II totally agree with all authors who stress the need for nonstatistical skills. But 
Gunterr has a valid point when he argues that the core skills still are the basis. 
Otherwisee it would be difficult to put the occasional hypes in the right 
perspective.. For example, within Philips there was a period that "World Class 
Quality"" (Bhote, 1991) used to be hot. The indiscriminate user would have 
followedd the trend, disregarding the many opportunities from traditional 
experimentall design theory. Especially in the rather complex world of 
semiconductorss industry this would have led to many disappointments. 
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Regardingg statistical software I have the experience that many problems can be 
solvedd with simple tools. The statistical possibilities within the Excel program -
howeverr imperfect they are - might already do. In this respect I again fully 
agreee with Banks' comments on simple tools. A statistician needs more 
specifiedd statistical software, but the ordinary person does not. Most output will 
bee inconceivable anyhow. The trend that enormous amounts of data are 
availablee for analysis is clearly recognisable. This requires new methods and 
skillss for statisticians, as Gunter, Hahn and Hoerl, rightly observe. My 
experiencee is that it is still a difficult matter to combine the relevant data from 
thee separate databases all over the organisation. Knowledge of database 
managementt might well be a useful skill for a statistician, but I'm in want of it, 
unfortunately. . 

II want to conclude this chapter with some remarks about the career of a 
statistician.. I think that for many it may well be a lifetime job; however, the 
averagee industrial statistician wants occasionally new challenges. For some the 
ever-changingg world will offer enough of these, but many (and especially those 
Meyerr et al. are hinting at) will need more. I can certainly recommend a part-
timee job at an outside consultancy agency or university. On the other hand, 
beingg a part of a large company offers also opportunities for more or less 
closelyy related activities within the company. A truly active statistician will notice 
thatt several things can be done in all sorts of disciplines, quality, organisation, 
logistics,, etc. 
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Chapte rr  3 

EVALUATIO NN OF MEASUREMENT SYSTEMS 

3.1.. INTRODUCTION 

Withinn quality programs, such as Statistical Process Control (SPC) and "Six-
Sigma",, it is important to evaluate the measurement system or method. When a 
goodd measurement system is in place the measurements of a quality 
characteristicc are precise, and therefore the variation in the characteristic can 
bee controlled and improved. The usual way to investigate the variability or 
precisionn of the measurement system is to conduct a measurement analysis, as 
describedd in the 6th step of the activity plan (Section 2.4). The variability is often 
dividedd into two components, the first caused by observers (or operators), and 
thee other by the measurement device (or gauge) itself. Since these components 
aree called Reproducibility and Repeatability respectively, a measurement 
analysiss is also known as an R&R study. 

Thee standard deviations of the different components are estimated with 
analysiss of variance (ANOVA) techniques, or with a simpler method using 
ranges.. The combined standard deviation of all components is the variability of 
thee measurement system, which is compared to the width of the lower and the 
upperr specification limit for the quality characteristic (the tolerance width). 
Criteriaa of the Automotive Industry Action Group (AIAG, 1990) use the ratio of 
thee two, to indicate whether or not the measurement system is suitable for its 
task.. Improvements of the measurement system should be made if the 
measurementt variation is too high; the individual standard deviations of the 
componentss indicate which sources of variation should be improved. If 
reproducibilityy variation is large, then procedures on how to measure or how to 
usee the measurement device must be improved. If the repeatability variation is 
high,, then the measurement device itself must be optimised such that it 
becomess more precise. Doing experiments with variable settings of the gauge 
mightt accomplish this. 

Evaluationn of measurement systems is usually based on the following additive 
model: : 

y i i k = ^ + a i + P j + y i i + e i i k k 

ii = 1 n (3.1) 
jj = 1 m 
kk = 1 r 

withh n the number of products, m the number of observers and r the number of 
replications.. The value yjjk denotes replication k of the measurement on product 
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i,, done by observer j . The symbols | i , otj, fy, ys and sijk represent the true mean of 
thee process, the effects of the individual product and individual observer, the 
observer-productt interaction, and the repeatability respectively. In the 
remainderr of this chapter we will concentrate on continuous, non-destructive 
measurements. . 

Iff the effects of product and observer, the interaction of the two, and the 
repeatabilityy are modelled with a normal distribution with variances a„2, <TP

2, CTT
2 

andd CTE
2 respectively and zero mean, then model (3.1) is called the Random 

Effectss Model (REM). This model makes sense if products and observers are 
drawnn from large populations, and if the underlying distributions of the 
populationss are approximately normal. In fact, the REM is the basis on which 
standardd R&R studies are built. 

Inn real life the assumption of random observers is often not valid. In smaller 
industriess it is not unusual that all possible observers - a limited number -
contributee to the measurement analysis. Furthermore, every organisation will 
havee measurements requiring expertise that just a few observers possess. A 
commonn example refers to laboratory measurements for off line quality control 
purposess or inspection, generally done by skilled analysts. Our case illustration 
(Sectionn 3.4) is an example of this type of measurement. In such situations it is 
obviouslyy wrong to model the observer effect as a random component 
representingg a larger population. Instead, the assumption that an observer's 
effectt is a fixed deviation from the true mean makes more sense. The 
modificationn of model (3.1) in this way is called the Model with Fixed Observers 
(MFO).. The relation between both models is that the MFO converges to the 
REMM (in probability) if the number of observers is large, and the fixed observer 
deviationss stem from a normal distribution. 

Thiss particular model was studied by Dolezal et al. (1998). They examined the 
usuall estimates of the measurement variability, based on the standard 
deviationss a, and quantified the effect of the model departure on the confidence 
intervalss of these estimates. They proved that confidence intervals for the MFO 
aree narrower than those for the REM are. In this chapter we show that the 
methodd of estimating measurement variability can be improved for the model 
withh fixed observers. For large observer effects the difference may be quite 
substantial,, with largely overestimated measurement variability when the REM 
iss used. As a consequence the measurement system will perform better than 
expectedd according to the 'traditional' method, and unnecessary investments to 
improvee the system might be avoided. 
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3.2.. MEASUREMENT EVALUATIO N WITH FIXED OBSERVER EFFECTS 

Modell (3.1) with all effects random (the REM) is the basis for the common 
methodss for investigating and judging measurement systems (AIAG, 1990). The 
measurementt variation of a system is defined as: 

<y<y22
mm=al+a=al+a22

yy+<j+<j22
zz.. (3.2) 

Thee measurement variation (am
2) consists of the repeatability of the system (CTE

2) 
andd the reproducibility (ap

2 + ay
2). According to AIAG a measurement system is 

onlyy acceptable if the so-called gauge R&R (defined as 5.15om) does not cover 
moree than 30% of the tolerance width. This criterion is used irrespective of the 
model.. Engel and De Vries (1997) related the AIAG criterion to probabilities of 
correctt decisions, and concluded that the process capability should be used as 
welll when deciding about the suitability of the measurement system. Burdick 
andd Larsen (1997) presented confidence intervals for a.o. CTE

2, ap
2 + aY

2 and crp
2 + 

cT
22 + CTe

2. They showed that the number of observers has a major impact on the 
lengthh of the confidence intervals for any variance measure that includes CTP

2, 

andd concluded that an increase of the number of observers is preferred over 
increasedd replications. Vardeman and VanValkenburg (1999) also discussed 
thee REM in the context of R&R Studies; among other things they investigated 
optimall sizes for the numbers n, m and r, as well as estimates of the uncertainty 
off the interesting statistics. 

Inn the REM, where all effects are normal, the gauge R&R is equivalent to the 
widthh of a 99% prediction interval of a measurement. When model (3.1) is not 
true,, however, the meaning of 5.15am may be completely different. Although we 
appreciatee the simplicity of a single criterion for acceptance of a measurement 
system,, whatever the model, we fear that the results of the standard 
measurementt analysis may be misleading. We therefore propose to generalise 
thee concept of the 99% prediction interval to the MFO. This approach actually 
coincidess with AlAG's own method to evaluate the measurement precision for 
attributee data. 

Assumee in model (3.1) that the effects fy of observers (j=1,...,m) are fixed. For 
reasonss of identifiability one must further assume that ZppO. Since all other 
effectss are normal random variables, a measurement of product i (with effect a) 
hass cumulative distribution function (c.d.f.) 

11 ™ fy-u.-a-Q;') 
FF(y)) = - J > — — — (3-3) 

m HH ^  a J 

wheree 0> denotes the standard normal distribution function and cr = V(oy
2 + aE

2). 
Equationn (3.3) is valid when all observers measure with equal frequency, which 
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willl often be approximately true in practice. A 99% prediction interval lF = [LF,UF] 
iss then determined by 

FF(LF)) = 0.005 

FF(UF)) = 0.995. 
(3.4) ) 

Solvingg LF and UF does not give closed expressions, but the width of this 
intervall can be approximated by 

QF=P (m)-p (1)+5.15a a (3.5) ) 

withh p(1) <...< p(m) the ordered observer effects p, pm. In fact (as shown in the 
appendix)) QF is the upper bound of the width of lF, with equality holding when all 
observerr effects are equal, and the lower bound of lF can be established as 

P(m,-Pm+20>-1(1-0.005m)a. . (3.6) ) 

Onlyy when the two extreme observer effects (p(1) and p(m)) clearly differ from all 
otherr observer effects (measured in units cr), the actual width of lF will 
approximatee this lower bound closely. Table 3.1 shows the lower bound for 
severall numbers of observers. 

observerss (m) 

2 2 

3 3 

4 4 

5 5 

10 0 

20 0 

lowerr bound 

p(m)-P(1)) + 4.65a 

P(m»-p(i)) + 4-34a 

P(m)-P(l)) + 4.11CT 

P(m)-P(1)) + 3.92c7 

P(m)-P(1)) + 3.29a 

P(m)) - p(1) + 2.56 a 

TABLETABLE 3.1. Lower bound of the interval lF 

Notee that the lower bound may be substantially smaller than the upper bound 
QF,, especially when o is relatively large. But all observer effects will be more or 
lesss "equal" then, and the upper limit is a closer approximation. 

Compariso nn wit h Rando m Effect s Model 
Thee c.d.f. of measurements of product a in the random effects model (3.1) is 

FR(y)) = <!> 
' y - H - a A A 

(3.7) ) 

AA 99% prediction interval lR = [LR,UR] is now easy to establish: 
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LR=u+a+0>'1(0.005)amm and UR=u.+a+<I>'1(0.995)oni. The width of this interval is 
5.15am,, the familiar gauge R&R. 

Too compare the widths of the prediction intervals lR and lF, assume that the 
observerr effects pt pm constitute a random sample from a normal distribution 
withh mean zero and variance c^2. The weak law of large numbers implies that 
F>(y)) -* FR(y) (in probability, ITWOO), so the model with fixed observers looks like 
thee random effects model, when the number of observers is large. The situation 
withh only a few observers is therefore the interesting one. The width of the REM 
predictionprediction interval (denoted as QR) is compared with the upper bound QF of the 
MFOO prediction interval: 

QRR = 5.15am=5.15^ap+a2 

QF=P(rn)-P(1)+5.15a a 

First,, two extreme situations are examined: 
1.. <jp« G (observer variation is negligible). When a / ap -> a>, QR and QF both 

convergee towards 5.15a, so there won't be much difference between the 
two. . 

2.. ap » a (observer variation is dominating). When a / ap I 0, QR converges 
towardss 5.15a,, and QF towards p(m) - p(1). Since the P's are sampled from a 
normall distribution the expected value of p(m) - p(1) will be dmap (with dm the 
expectedd value of the range of m independent, standard normal variables). 
Forr up to 20 observers dm ranges from 1.13 to 3.73, and the probability that 
P(m)) - P(D exceeds 5.15 is limited to 0.036 (Pearson and Hartley, 1954). So 
QRR exceeds QF with high probability, and the ratio of the two amounts to an 
averagee of 4.6 with only two observers. 

Thee expected width of QF is 

E(QF)) = dmap+5.15a = (dm+5.15p)ap (3.8) 

wheree p = a / a„. In Table 3.2 the ratio of E(QF) to QR is given for several 
combinationss of m and p. 

Tablee 3.2 shows that QF as a measure for gauge R&R in the model with fixed 
observers: : 
1.. will be much smaller (on average) than fiR if p is small; 
2.. will be a fraction higher (on average) than QR for large p and/or high m; 
3.. will be equal to QR if p is very high. 
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m m 

2 2 

3 3 

4 4 

5 5 

10 0 

20 0 

0 0 

0.22 2 

0.33 3 

0.40 0 

0.45 5 

0.60 0 

0.72 2 

valuess of p = a / ap 

0.255 0.5 1 2 

0.466 0.64 0.86 0.99 

0.566 0.74 0.94 1.04 

0.633 0.80 0.99 1.07 

0.688 0.85 1.03 1.10 

0.822 0.98 1.13 1.16 

0.955 1.10 1.22 1.22 

4 4 

1.02 2 

1.05 5 

1.07 7 

1.08 8 

1.12 2 

1.15 5 

100 0 

1.00 0 

1.00 0 

1.00 0 

1.00 0 

1.01 1 

1.01 1 

TABLETABLE 3.2. Ratio ofE(ÜF) to nR 

Ourr conclusion is that serious errors can be made in the determination of the 
gaugee R&R in the model with fixed observers, when the traditional random 
effectss method is used. The proposed alternative, an overestimation of the real 
gaugee R&R, is on average in many cases (much) smaller, especially when the 
observerr variation is in fact dominating. The less observers, the stronger this 
effect.. Additionally, the proposed alternative is nowhere much worse than the 
traditionall method. 

3.3.. ESTIMATION OF THE GAUGE R&R 

Inn the random effects model the gauge R&R is estimated with analysis of 
variancee techniques. Until now the very same estimate is used in the model 
withh fixed observer effects, even though it estimates a parameter that may well 
bee utterly wrong. In this section we study estimation of the more appropriate 
parameterr QF= p(m) - p(1) + 5.15a. 

Ann obvious estimator of QF is 

WF=B (m) ) B(1)) +5.15s (3.9) ) 

withh Bj = — £ j y i j k , Bo) -•••- B(m) tne ordered sample {Bj}, and s an estimate 
nrr  i=i k=i 

off a. For the moments of WF one needs knowledge of the moments of B(m) - B '<D --

Thiss leads to a study of the range of independent, normally distributed random 
variabless X| (i=1 m) with mean value ft and variance x2 = aT

2/n + aE
2/(nr). For 

threee situations the expectation of B(m) - B{1) can be evaluated in a closed form: 

1.. T=0 (ay and aE both negligible). Then B(m) - B(1) is an unbiased estimator of 
P(m)) - Pd) (because Bj =n + a + Pj, with a the average of the as). 

2.. ap=0 (no observer effect: p(m) - p(1} = 0). In this case B(m) - B(1) has a positive 
bias: : 
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E$3(m)-B(1)}=dmT T (3.10) ) 

(dmm is again the expected value of the range of m independent, standard 
normall variables). Equation (3.10) indicates the particular sensitivity of the 
estimatorr WF to the interaction y, since ay

2 is leading in T2 (for r>1). 
3.. m=2 (two observers). B(2) - B(1) = | B, - B2 | and B, - B2 is normally distributed 

withh mean v = p1 - p2 and variance 2T2. The bias is: 

E{B(2)-B(1)}-|v|| = -2|v|0 
:V2 2 

- 2 V 2 T < ) > > 
cV2~ ~ 

(3.11; ; 

(thee proof is in the appendix). This is a positive, monotone decreasing 
functionn of |v| with maximum i-(2Nn) when v=0: see Figure 3.1 (for t = 1). 

FIGUREFIGURE 3.1. Bias of B(2,-B(V as a function of v (r=1) 

Thee three cases above illustrate that if the relevant observer effects (the 
extremess p(1) and p(m)) cannot be distinguished properly from the other effects -
inn terms of T - then there will be a positive bias. The less clear the distinction, 
thee larger the bias. 

AA second problem in the evaluation of WF is the estimation of a. The standard 
AIAGG approach uses ranges - in an incorrect way, as Vardeman and 
VanValkenburgg (1999) point out. We prefer the use of analysis of variance 
basedd on model (3.1), first of all for its transparency, but also for its efficiency. 

Assumee that s is an estimator of a, and fs2/cj2 has a chi-square distribution with f 
degreess of freedom. Then (cf. Duncan, 1974) E{s}=c4a, with 

(2r(/2(ff + i)) 
Iff  r(/2f) 

(3.12) ) 
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Notee that c4 < 1 (in fact c4 * 1-1/(4f)), so on average s is an underestimation of 
cr.. Unfortunately, with model (3.1) an unbiased estimate of a2- aT

2+ aE
2 based 

onn ANOVA is a linear combination of two mean squares, and has therefore not 
aa simple %2 distribution (cf. Searle, 1971). The correction factor c4 is therefore 
unknownn in this particular case, although it remains smaller than 1 (Jensen's 
inequality). . 

AA combination of these two facts, 
(1)) B<rT1) - B(1) has a positive bias in estimating p(m) - p(1), 
(2)) s based on ANOVA has a negative bias in estimating a, 

madee us curious about the combination of the two in estimating WF. The 
remainderr of this section is therefore committed to simulation results. The 
followingg parameter settings were examined: ap=0.5, 1.0, 2.0; CTT and os=0.1, 
0.5,, 1.0, 2.0; m=3, 5, 10. The parameters n=10 and r=3 were fixed. For each 
combinationn of the parameter settings 10 random configurations of observer 
effectss (pj's) were examined with 5000 'experiments'. Not every possible 
combinationn of the settings was examined, as can be seen from Table 3.3. The 
averagee bias (in %) is shown for several combinations of parameter settings. 
Resultss of additional simulation of the extremes are that (1) with ap=0, aT=a6=1, 
andd m=10 the bias amounts to 15%; and (2) the bias is about -2% when m=2, 
CTCTPP=2, CT=2, CTrr=2,anda=2,andaEE=0.1. =0.1. 

Thee results of the simulations indicate that WF is on average a little larger than 
QF.. Within the examined region the average bias ranges from -0.5 to 7.4% 
(averagess taken over the 10 separate p-configurations). The average bias 
belongingg to a specific p-configuration ranges from -1.4 to 10.2%. Bias is large 
whenn m is large, and at the same time a„ is small in comparison to (especially) 
aarr A negative bias may be expected when m is small, and ap is large compared 
too aE. These results can be understood when the estimator WF is examined 
moree closely. 
(1)) from equation (3.10) we know that the mean of B(m)-B(1) equals dm-i when 

CTp^OCTp^O (and P(m)-P(i) = 0); this quantity increases with m. But the degrees of 
freedomm for estimating oY and oE increase when m increases, so the bias in 
ss tends to disappear, and the net result is a large bias in WF. 

(2)) B(m>-B(1) will have a small bias in estimating P(m)-P(1) when ap » aE and m is 
smalll (and oT not larger than op). But for estimation of a « aT very few 
degreess of freedom are available, so s has a negative bias; the net result is 
alsoo a negative bias in WF. 

Fromm this section we conclude that WF is a good estimator of QF, because the 
biass is in general limited to (say) 2-3%. Many observers with small effects lead 
too the largest bias, especially when observer-product interactions are large. 
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CTCTP P 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 

CTy y 

0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 

0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 

<*8 8 
1 1 
1 1 
1 1 
2 2 
2 2 
2 2 

0.5 5 
0.5 5 
0.5 5 
1 1 
1 1 
1 1 
2 2 
2 2 
2 2 

0.5 5 
0.5 5 
0.5 5 
1 1 
1 1 
1 1 
2 2 
2 2 
2 2 

0.5 5 
0.5 5 
0.5 5 
1 1 
1 1 
1 1 

0.5 5 
0.5 5 
0.5 5 
1 1 
1 1 
1 1 

m m 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 

biass (in %) 
1.06 6 
1.61 1 
1.77 7 
1.52 2 
2.77 7 
3.86 6 
0.77 7 
2.89 9 
4.37 4.37 
1.58 8 
2.68 8 
4.68 4.68 
2.23 3 
3.89 9 
3.55 5 
1.99 9 
4.51 4.51 
7.40 7.40 
2.00 0 
5.78 5.78 
6.96 6.96 
3.20 0 
4.72 4.72 
6.78 6.78 
-0.11 1 
0.56 6 
1.15 5 
0.06 6 
0.54 4 
1.09 9 
0.09 9 
1.83 3 
1.73 3 
0.61 1 
1.72 2 
1.36 6 

CTCTP P 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 
2 2 

o y y 

0.1 1 
0.1 1 
0.1 1 
0.1 1 
0.1 1 
0.1 1 
0.1 1 
0.1 1 
0.1 1 
0.1 1 
0.1 1 
0.1 1 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.5 5 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
1 1 
2 2 
2 2 
2 2 

<*E E 
0.1 1 
0.1 1 
0.1 1 
0.5 5 
0.5 5 
0.5 5 
1 1 
1 1 
1 1 
2 2 
2 2 
2 2 

0.1 1 
0.1 1 
0.1 1 
0.5 5 
0.5 5 
0.5 5 
1 1 
1 1 
1 1 
2 2 
2 2 
2 2 

0.1 1 
0.1 1 
0.1 1 
0.5 5 
0.5 5 
0.5 5 
1 1 
1 1 
1 1 

0.1 1 
0.1 1 
0.1 1 

m m 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 
3 3 
5 5 
10 0 

biass (in %) 
-0.17 7 
0.02 2 
-0.01 1 
0.09 9 
0.02 2 
0.06 6 
0.28 8 
0.35 5 
0.32 2 
0.85 5 
0.46 6 
0.93 3 
-0.52 2 
0.01 1 
0.33 3 
0.02 2 
0.05 5 
0.09 9 
-0.01 1 
0.08 8 
0.07 7 
0.20 0 
0.81 1 
0.43 3 
-0.53 3 
0.50 0 
0.92 2 
0.00 0 
0.39 9 
0.60 0 
0.15 5 
0.66 6 
0.77 7 
-0.25 5 
1.17 7 
1.54 4 

TABLETABLE 3.3. Simulation results 

Withh only a few observers and large observer effects, the estimator WF will 
slightlyy underestimate the parameter QF. However, The reader may recall from 
thee earlier discussion about the width of the MFO prediction interval lF, that in 
thiss very situation (observer effects clearly separated) the lower bound (3.6) is a 
betterr approximation than the upper bound i\. The damage of a negative bias 
off WF in estimating QF is therefore even more limited as far as gauge R&R is 
concerned. . 
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3.4.. CASE ILLUSTRATIO N 

Forr investigations of physical and chemical nature beyond the possibilities of 
operatorss on the shop floor, Philips in Stadskanaal has an analytical laboratory. 
Too characterise the measurement variability of an advanced optical microscope 
thee two analysts of the laboratory did a measurement analysis. Both measured 
aa single product 3 times in a row at 5 different spots, 7 days long. The location 
off the spots was roughly defined, as good as could be, but nonetheless subject 
too variation. The quality characteristic is the distance from the edge of a 
semiconductorr crystal to the EPI layer (in |im). The measurements are given in 
Tablee 3.4. 

distanc e e 

dayy 1 

dayy 2 

dayy 3 

dayy 4 

dayy 5 

dayy 6 

dayy 7 

analystt 1 
spott 1 
60.0 0 
59.5 5 
59.5 5 
57.2 2 
57.2 2 
56.0 0 
58.7 7 
58.0 0 
57.7 57.7 
57.7 57.7 
57.5 5 
57.5 5 
58.2 2 
56.7 7 
56.7 7 
56.5 5 
56.2 2 
56.2 2 
58.5 5 
57.7 7 
57.5 5 

spott 2 
57.5 5 
57.7 57.7 
57.2 2 
57.0 0 
57.5 5 
56.7 7 
57.7 7 
57.5 5 
57.2 2 
57.2 2 
57.2 2 
56.5 5 
58.2 2 
57.2 2 
57.7 57.7 
57.7 57.7 
58.0 0 
57.0 0 
59.0 0 
58.0 0 
57.5 5 

spott 3 
58.7 7 
59.5 5 
58.2 2 
58.2 2 
58.0 0 
58.2 2 
57.2 2 
57.0 0 
57.0 0 
58.0 0 
57.5 5 
56.7 56.7 
57.5 5 
56.2 2 
56.7 7 
56.5 5 
57.7 7 
58.0 0 
58.7 7 
58.0 0 
56.0 0 

spott 4 
59.0 0 
59.0 0 
58.2 2 
57.2 2 
56.5 5 
57.5 5 
57.7 57.7 
57.0 0 
57.2 2 
57.2 2 
57.2 2 
57.2 2 
57.2 2 
57.2 2 
57.2 2 
56.0 0 
56.5 5 
56.7 56.7 
57.7 57.7 
55.7 7 
56.5 5 

spots s 
57.7 7 
58.0 0 
58.2 2 
57.7 7 
58.2 2 
58.0 0 
56.7 7 
56.0 0 
57.0 0 
57.2 2 
57.5 5 
58.0 0 
57.0 0 
57.0 0 
57.5 5 
57.7 57.7 
57.2 2 
56.7 7 
57.5 5 
56.0 0 
58.2 2 

analystt 2 
spott 1 
56.0 0 
55.2 2 
56.5 5 
54.5 5 
54.5 5 
55.2 2 
56.0 0 
55.2 2 
55.2 2 
56.5 5 
56.5 5 
55.7 7 
57.2 2 
56.2 2 
56.7 7 
56.2 2 
56.5 5 
56.2 2 
55.7 7 
56.2 2 
56.0 0 

spott 2 
55.7 7 
55.7 7 
56.5 5 
57.5 5 
57.5 5 
57.2 2 
56.7 7 
56.7 7 
56.5 5 
57.2 2 
56.7 7 
56.2 2 
56.7 7 
56.7 7 
56.0 0 
56.7 7 
56.2 2 
55.5 5 
56.5 5 
56.2 2 
55.7 7 

spott 3 
56.2 2 
55.7 55.7 
56.5 5 
56.5 5 
56.7 56.7 
56.0 0 
55.2 2 
55.7 55.7 
55.7 55.7 
56.0 0 
54.7 54.7 
55.0 0 
55.5 5 
55.5 5 
56.0 0 
55.0 0 
56.0 0 
55.2 2 
56.2 2 
56.0 0 
55.2 2 

spott 4 
57.0 0 
57.0 0 
56.7 56.7 
57.0 0 
56.2 2 
55.7 55.7 
55.5 5 
54.5 5 
54.0 0 
55.7 55.7 
55.7 55.7 
55.0 0 
55.2 2 
56.0 0 
55.7 7 
56.5 5 
56.5 5 
57.0 0 
56.0 0 
55.5 5 
55.2 2 

spott 5 
57.5 5 
56.5 5 
56.7 56.7 
56.2 2 
55.5 5 
55.5 5 
56.0 0 
55.5 5 
55.0 0 
55.7 7 
56.7 7 
55.7 7 
56.7 7 
56.5 5 
56.2 2 
56.5 5 
55.0 0 
55.5 5 
56.0 0 
56.0 0 
56.0 0 

TABLETABLE 3.4. Data of the measurement analysis of the optical microscope 

Thee variation in the data can be analysed with a slight modification of the 
additivee model (3.1). 

yy ijkt 

i i 

j j 
k k 

I I 

== H + a i + p j + y i j + 5 i j k 

== 1... 

== 1,2 

== 1,. 

== 1,. 

.,55 spots 

analysts s 

.,77 days 

.,33 repetitions 

++ 8 i jkl 
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wheree a, (5, y, 8 and E are the effects of spot, analyst, spot-analyst interaction, 
day,, and repetition respectively. The analysis of variance is shown in Table 3.5. 

SOURCEE SS DF MS EMS 
spott 4.377 4 1.094 42aa

2 + 21 oy
2 + 3a5

2 + aE
2 

analystt 111.180 1 111.180 105op2 + 21oy
2 + 3ag2 + aE

2 

spott x analyst 5.145 4 1.286 21oy
2 +3og2 +ae

2 

dayy 76.851 60 1.281 3as2 + aE
2 

repetitionn 37.187 140 0.266 ae
2 

TOTALL 234.740 209 

TABLETABLE 3.5. Analysis of variance table of the measurement analysis 

Neitherr the spot effect nor the spot-analyst interaction is significant. The 
estimatess of both oa and aT are therefore 0. From Table 3.5 the Random Effects 
Modell estimates can be deduced: 

aE
22 -> 0.266, a5

2 -> 0.338, ap
2 -> 1.047 

Thee estimate of the measurement variation am
2 = ap

2 + CT8
2 + aE

2 is 1.651. The 
REMM gauge R&R (5.15am) is 6.617. 

However,, what we have here is a typical example of a situation with fixed 
observers.. The two analysts of the laboratory are the only ones who use the 
microscope,, p, and p2 in model (3.13) are therefore fixed effects, and WF from 
equationn (3.9) is a better estimate of the gauge R&R. In this case the averages 
off both analysts are 57.467 and 56.011 resp. and cr2 (= ar

2 + as
2 + a£

2) can be 
estimatedd from Table 3.5 as 0.604. The MFO gauge R&R is 5.458, which is 
onlyy 82% of the 'standard' (REM) gauge R&R. 

3.5.. SUMMARY AND CONCLUSION 

Thiss chapter deals with the analysis of a measurement system in a situation 
thatt only a few observers perform measurements. We showed that the standard 
modell with random observer effects is not correct, and may give misleading 
results,, especially when the number of observers is small. 
Wee proposed to use an alternative measure for the gauge R&R, based on the 
widthh of a 99% prediction interval. This distance was approximated by the 
parameterr QF of equation (3.5), which turned out to be an overestimation of the 
newlyy defined gauge R&R. Nonetheless QF is dramatically smaller than the 
randomm model gauge R&R (QR), when the number of observers is small, and 
theirr effects are large (Table 3.2). For 20 observers (or more) QF will generally 
bee larger than QR. If the number of observers is limited to 10, however, then QF 
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iss at most 16% larger than QR, and it is smaller when the observer effects are 
dominating. . 

Thenn we examined the estimator WF of QF defined in equation (3.9). This 
appearedd to be a good estimator of QF, because the bias is limited to a few 
percent.. The combination of many observers with small effects leads to the 
largestt bias, especially when the observer-product interaction is large. With just 
aa few observers and large observer effects, WF will slightly underestimate the 
parameterr QF, but the harm is restricted to about 2% (with only 2 observers). 

Ourr conclusion is that QF should be used to measure the gauge R&R, when 
onlyy a few (at most 5) observers are present. This parameter is a better 
reflectionn of the total amount of variation due to measurements than the 
standardd method, especially when observer effects are relatively large. 
Besides,, not much harm is done if the other sources of variation are more 
important.. WF is a good but conservative estimator of QF unless observer 
effectss are really dominating; then WF might underestimate n F by a few percent 
(thoughh this won't be harmful as far as the real gauge R&R is concerned). With 
100 or more observers there is not much gain in using QF. Moreover, the 
estimatorr WF may be seriously biased, especially when observer effects are 
relativelyy small. Then the standard method (assuming that observers constitute 
aa random sample of a great many) gives better results. At the same time this 
assumptionn is also more plausible, because the 'uniqueness' of 10 or more 
observerss is questionable. For 5-10 observers with fixed effects the methods 
basedd on the fixed effects model is preferable, unless their effects are small. In 
thee latter case QF (not very different from QR), can be better estimated with the 
ANOVA-estimatorr of QR. 

APPENDIX X 

Boundss on the width of the MFO prediction interval 
Lett p{1),...,p(m) be ordered observer effects (m < 100). Define 

qj  = p(j, + o<D~10£oo) (i=1,...,199). Then the MFO prediction interval lF = [LF,UF], 

satisfyingg condition (3.4), is enclosed in two intervals: 

jq(m)q{2oo-m)jj ̂  [|_FiijF] c [q^.qjl99']. This follows from the following reasons (it 

iss sufficient to prove the relations for LF): 

(A)) FF(qS1») = ~Z<I> 

(B)) FF(qr) = ̂ Z o 

'q!"-P . . 
^ 1 * * 

frf'-u . . 
m m j= i i 

(1) ) 

qr-Pi i 
a a 

> l ( D | q ii  P<1> 
m m 

== 0.005 

== 0.005 
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Noww FF(LF)=0.005 and FF is monotone non-decreasing; therefore q/1 ' < LF < 
q/m).. Equality holds in (A) if and only if fy = p(1, (Vj); equality holds in (B) if and 
onlyy if the term with p(1) is the only non-zero term in the summation. Finally, the 
widthss of the enclosing intervals are the upper and lower bounds of equations 
(3.5)) and (3.6). 

Prooff of equation (3.11) 
Lett X be normally distributed with mean n and variance a2 and probability 
densityy function f. Then: 

E|X|== J-xf(x)dx+Jxf(x)dx = 
- o oo  0 

| - ( nn + az>Kz)dz+ j((u + CTZ)<|>(z)dz = 
- 000 ~*/ 

Jl-20^U-2aJz<|>(z)dzz = 

|n|-2|n|<^-HJJ + 2o^-H J 

(sincee <|)'(z) = -z<(>(z)) with <t> and 0> the probability density function and 
cumulativee distribution function of the standard normal distribution respectively. 
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Chapterr 4 

THEE DESIGN OF CONTROL CHARTS 

4.1.. INTRODUCTION 

Whetherr or not a process is functioning normally is evaluated with control 
charts.. Control charts show whether the variation is only due to common 
causess or whether there is extra variation due to special causes. Variation due 
too common causes is inevitable; the design and standard operations of the 
processs determine it. The process is said to be in statistical control when only 
commonn causes are responsible for the variation. A desirable characteristic of 
suchh a process is that it is predictable, in the sense that it is stable within known 
limits.. Special causes of process variation may be due to e.g. extraordinary 
events,, incidents, or a new batch of incoming material. They may appear any 
moment,, but for a controlled process it is necessary to find such causes as 
soonn as possible and prevent them from occurring again. Fortunately, several 
typess of special causes are almost immediately recognised by control charts. 
Thee power of the control chart is partly due to its simplicity: a graph of a quality 
characteristicc plotted in time. Some well-chosen lines in the graph, the so-called 
controll limits, provide easy checks on the stability of the process. These control 
limitss are defined as the limits of the common cause variation. The concept of 
controll charts originates from Shewhart (1931), and has been extensively 
discussedd and extended in numerous textbooks (see e.g. Duncan, 1974; 
Wetherilll and Brown, 1991; Wheeler and Chambers, 1992; Montgomery, 1996). 
Ann example of a control chart is given in Figure 4.1; LCL and UCL are the 
Lowerr Control Limit and the Upper Control Limit respectively. 
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FIGUREFIGURE 4.1. An example of a control chart 
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Inn the standard situation initially 20-30 samples of about five units are taken to 
constructt a control chart. When chosen rationally (i.e. from rational subgroups; 
Nelson,, 1988) these samples are supposed to arise from pure random 
sampling.. All items in a rational subgroup are produced under sufficiently similar 
conditions.. This ensures that only random effects are responsible for the 
observedd variation. The variation within a sample is supposed to represent all 
variationn attributable to common causes, and the within-subgroup variation can 
bee used to determine the variability of subgroup statistics (e.g. sample mean or 
range).. The control limits of the interesting statistic are calculated to be the 
grandd average of the statistic plus/minus three times the corresponding within-
subgroupp standard deviation (see e.g. Duncan, 1974). 

AA thorough treatment of statistical aspects of control charts in this standard 
situationn is given by Does and Schriever (1992). Nelson (1988) discusses the 
carefull choice of subgroups to obtain effective control charts within this 
framework,, but does not consider adjustment of the control chart construction. 
AA major drawback, however, is that the standard charts are applicable only 
underr rather restrictive assumptions, as has been described in Porter and 
Caulcuttt (1992). Often these cannot be fulfilled in practice. Therefore control 
chartss have to be tailored to the nature of the process at hand. The actually 
presentt components of process variation need to be identified and quantified. 
Theyy form the basis on which a useful distinction between special and common 
causess can be made. Control charts should then be designed to control all 
relevantt components of the common cause system. Such a tailored design, 
however,, implies a thorough process evaluation. For subsequent process 
controll it will generally result in a sampling plan that is purposely not random, 
aimedd at describing the important variance components (rational sampling; 
Palm,, 1992). One type of example is sampling from several (fixed) positions on 
aa mould, several (fixed) products from a jig, and several (fixed) positions on a 
siliconn wafer. Another type of example is sampling from (chemical) batches, 
wheree there may be extra between-batch variation. Many industrial processes 
havee to be controlled on the basis of more complicated rational sampling plans. 
Thee thus created subgroups often show systematic within-subgroup variation 
andd occasionally additional between-subgroup variation. 

Thee methodology to determine control limits for subgroup statistics can be more 
involved,, but simple alternatives are available. The simple approach is to treat 
subgroupp statistics as individual observations (Wetherill and Brown, 1991; Palm, 
1992;; Porter and Caulcutt, 1992; Wheeler and Chambers, 1992). Control limits 
forr these statistics are then determined using (standard) methods for individuals 
chartss (see e.g. Roes, Does and Schurink, 1993). More complicated methods, in 
whichh separate random variance components are monitored using control charts, 
weree reviewed by Woodall and Thomas (1995). Yashchin (1994) discussed 
cumulativee sum control schemes for variance components, using basically the 
samee nested random effects model as described by Woodall and Thomas. A 

46 6 



modell of nested random effects, however, generally does not fit the process 
inherentt variation adequately. Instead, a mixed model including one or more fixed 
effectss in addition to the nested random effects is more appropriate. In Roes and 
Doess (1995) a general approach is given to deal with these more complicated 
samplingg plans. 

Thee performance of a process often depends on several quality characteristics, 
whichh may have interactions. Hoteiling (1947) first proposed a multivariate 
approachh to SPC. He introduced the T2 control chart as a technique for 
monitoringg the mean of a multivariate process. Many researchers have examined 
thiss statistic and demonstrated its usefulness as a charting statistic for 
multivariatee SPC (cf. Jackson, 1985). Among other popular multivariate control 
statisticss are the multivariate cumulative sum (MCUSUM) chart and the 
multivariatee exponentially weighted moving average (MEWMA) chart. For a 
revieww of these and other multivariate control charts, see Wierda (1994) or Mason 
ett al. (1997). In multivariate SPC a signal can be caused by a variety of 
situations;; one of the characteristics may be out of control, but it may also be that 
aa combined problem of two or more characteristics is responsible. It is a 
persistentt problem in multivariate control charts procedures to interpret a signal. 
Too determine which characteristic or group of characteristics contributes to the 
signall is often rather involved (certainly for operators). Several procedures have 
beenn developed for interpreting the multivariate control statistic. The most popular 
involvess utilising an orthogonal decomposition and then attempting to interpret 
thee newly created orthogonal components. The principal components 
decompositionn (cf. Jackson, 1991) is a possibility. Principal Components Analysis 
(PCA)) is popular in the chemical industry, where the number of quality 
characteristicss is often very high. Kourti and MacGregor (1996) provide an 
overvieww of several diagnostics that can point to assignable causes for a flagged 
event.. The discussion in Mason et al. (1997) is also of interest to practitioners. 
Implementationn and interpretation issues are examined, and some open 
problemss are discussed. 

Thiss chapter discusses a general set-up for designing control charts (Section 
4.2),, based on an example from Philips Semiconductors in Stadskanaal. Different 
wayss to analyse the data are given, based on the univariate and multivariate 
approachess indicated above (Section 4.3). Finally these methods are discussed 
andd recommendations for practical use are given (Section 4.4). 

4.2.. A GENERAL SET-UP FOR DESIGNING CONTROL CHARTS 

Forr the design of control charts the straightforward methods described in 
standardd textbooks on SPC often produce control charts that are obviously wrong 
andd generally of little use. To an inexperienced and unknowing organisation this 
mayy lead to frustration about the use of control charts in particular and with SPC 
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inn general. As mentioned in Section 4.1 the standard control charts are applicable 
underr rather restrictive assumptions: samples are supposed to arise from pure 
randomm sampling and only random effects are responsible for the observed 
variation.. The variation within the sample is supposed to represent all variation 
attributablee to common causes. Roes and Does (1995) offer a sound and helpful 
approachh by adding a mixed model formulation to the nested random effects 
modelss of Yashchin (1994), and Woodall and Thomas (1995). The method is a 
naturall extension of Yashchin, but has the additional advantage of employing 
Shewhart-typee charts rather than cumulative sum charts. Shewhart-type charts 
aree much simpler to use, and supplementary run rules (e.g. Nelson, 1984; Does 
andd Schriever, 1992) can also be judiciously added to improve sensitivity (see 
alsoo Chapter 5). We have encountered many situations in which a mixed model 
includingg one or more fixed effects in addition to the nested random effects was 
appropriate.. An illustrative example from Philips Semiconductors in Stadskanaal 
iss discussed in this section. Additional examples are briefly discussed in Section 
4.4. . 

AA general procedure to design control charts for a quality characteristic of a 
processs consists of the following steps. 
•• Monitor the process long enough to learn to know the sources of variation. 
•• Construct an appropriate model in which the important sources of variation 

aree represented. The model should be based on the nature of the process 
andd be supported by the data. 

•• Decide on the sampling plan and frequency. 
•• Define the subgroup statistics (the parameters) to be controlled. 
•• Design control charts, using appropriate estimators of location and spread of 

eachh parameter. The resulting charts should be easy to construct and to 
interpret. . 

Too demonstrate these steps we describe the mixed model in more detail and 
turnn to a case study which was already examined extensively in Roes and Does 
(1995),, both by the authors and by discussants, as well as by Wierda (1994). 
Thee case study concerns grinding of silicon wafers, a key process in 
manufacturingg semiconductor crystals. The crystals form the heart of diodes, 
whichh are produced in billions by Philips Semiconductors in Stadskanaal. The 
thicknesss of the wafer determines the dimensions of the crystals, and therefore 
alsoo the electrical characteristics of the diodes. Typical target values for the 
waferr thickness are in the range 200-300 Mm. A batch of 31 wafers is ground 
simultaneously,, on a machine where the wafers are positioned under the 
grindstonee according to Figure 4.2 
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FIGUREFIGURE 4.2. Positions of silicon wafers on the grinder 

Thee grinder always stops turning in the same position and then a protective cap 
coverss half of the circle with wafers. Hence for routine sampling it is practical to 
takee the sample from the uncovered half of the grinding table. For further 
conveniencee the sample should preferably be taken from the corner within 
easiestt reach of the operator. We acknowledge that both from statistical and 
engineeringg points of view this sampling scheme is flawed. But a compromise 
betweenn what is necessary for methodological reasons and what is possible from 
aa practical viewpoint is sometimes unavoidable. It was not feasible to introduce a 
moree appropriate sampling scheme on the shop floor (nor was it really mandatory 
inn this case). So it was decided to monitor the grinding process by measuring 
thicknesss of a rational sample from each batch, containing the wafers on 
positionss 1 and 2 (outer circle), 18 and 19 (middle circle) and 28 (inner circle). 
Reall data of 30 successive batches (with a target thickness of 244 urn) are 
displayedd in Table 4.1. 

Beforee this sampling scheme was decided upon, however, the process was 
closelyy examined for a while: during a two-week period the thickness of every 
processedd wafer was measured. Then, in order to investigate patterns within the 
sampless and to determine the minimally required sample size, the data were 
subjectedd to a principal components analysis, using the batches as observations 
andd the thickness of the 31 wafers within a batch as variables. The analysis 
showedd that about 90% of the variation in thickness could be explained by only 
threee components: the mean thickness of the batch and two specified differences 
betweenn circles on the grinder. Analysis of variance (ANOVA) showed 
furthermoree that the differences within batches consisted mainly of fixed 
differencess between positions. There is also some additional batch-to-batch 
variation.. Based on this information it was decided that the rational samples of 
thee previous paragraph would suffice for monitoring the grinding process, 
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providedd that once in a while some complete batches were measured in order to 
checkk the assumptions regarding the fixed differences between positions. 

batc h h 
1 1 
2 2 
3 3 
4 4 
5 5 
6 6 
7 7 
8 8 
9 9 
10 0 
11 1 
12 2 
13 3 
14 4 
15 5 

1 1 
240 0 
238 8 
239 9 
235 5 
240 0 
240 0 
240 0 
245 5 
238 8 
240 0 
240 0 
241 1 
247 7 
237 7 
242 2 

2 2 
243 3 
242 2 
242 2 
237 7 
241 1 
243 3 
243 3 
250 0 
240 0 
242 2 
243 3 
245 5 
245 5 
239 9 
244 4 

positio n n 
18 8 

250 0 
245 5 
246 6 
246 6 
246 6 
244 4 
244 4 
250 0 
245 5 
246 6 
246 6 
243 3 
255 5 
243 3 
245 5 

19 9 
253 3 
251 1 
250 0 
249 9 
247 7 
248 8 
249 9 
247 7 
248 8 
249 9 
250 0 
247 7 
250 0 
247 7 
248 8 

28 8 
248 8 
247 7 
248 8 
246 6 
249 9 
245 5 
246 6 
248 8 
246 6 
248 8 
248 8 
245 5 
249 9 
246 6 
245 5 

batc h h 
16 6 
17 7 
18 8 
19 9 
20 0 
21 1 
22 2 
23 3 
24 4 
25 5 
26 6 
27 7 
28 8 
29 9 
30 0 

1 1 
237 7 
242 2 
243 3 
243 3 
244 4 
241 1 
242 2 
242 2 
241 1 
236 6 
243 3 
241 1 
239 9 
239 9 
241 1 

2 2 
239 9 
244 4 
245 5 
245 5 
246 6 
239 9 
245 5 
245 5 
244 4 
239 9 
246 6 
243 3 
240 0 
240 0 
243 3 

positio n n 
18 8 

242 2 
246 6 
247 7 
248 8 
246 6 
244 4 
248 8 
248 8 
245 5 
241 1 
247 7 
245 5 
242 2 
250 0 
249 9 

19 9 
247 7 
251 1 
252 2 
251 1 
250 0 
250 0 
251 1 
243 3 
249 9 
246 6 
252 2 
248 8 
243 3 
252 2 
255 5 

28 8 
245 5 
248 8 
249 9 
250 0 
246 6 
246 6 
249 9 
246 6 
247 7 
242 2 
247 7 
246 6 
244 4 
250 0 
253 3 

TABLETABLE 4.1. Thickness measurements (in pm) 

Thee commonly used model for industrial processes is that observations taken 
overr time are independent and identically distributed. In the case under 
examinationn this model does not fit the sample data, but should additionally 
includee components for common cause variation due to fixed differences. We 
recommendd the use of a multi-vari chart (cf. Seder, 1990; Bhote, 1991) for 
visualisingg the relative magnitudes of the levels of variability in a process. In 
Figuree 4.3 the multi-vari chart of the sample of 30 batches is shown; for every 
batchh the data of positions 1, 2, 18, 19 and 28 are shown in the graph from left 
too right. The chart clearly supports results of the analysis that systematic 
differencess between positions exist, and systematic differences between circles 
onn the machine. Instead of the ANOVA approach (combined with the multi-vari 
chart)) a graphical alternative called ANalysis Of Main Effects (ANOME; Schilling, 
1973)) can be used. 

Thee wafer grinding case is quite instructive, and we have seen similar situations 
inn other industries (one can think of different operators, suppliers of raw material, 
productionn lines, machines, etc.). It suggests the following general model for an 
in-controll process, in which fixed differences within a batch as well as random 
between-batchh variation are to be considered as common cause variation: 

X,, = M+wj + B, + Etj, (t=1 k;j=1 n) (4.1) 

withh Xq the measurement of sample t (batch) of within-sample product j (the wafer 
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Batch h 

FIGUREFIGURE 4.3. Multi-vari chart of thickness measurements 

inn the batch). On the right hand side, (j + Wj is the fixed mean level of product j 
(IjWjj = 0), Bt is the random overall batch effect and Ev models the remaining 
randomm variation. It is assumed that the B, are independent of the Etj and 
normallyy distributed with mean zero and variance ob

2. The vector Et = (Et1 ... Etn)
T 

iss also normally distributed with mean vector 0 and variance-covariance matrix 2 
== (cJijXp, n; the Et are assumed to be independent. Roes and Does (1995) 
assumedd that 2 = ae

2l (with I the identity matrix), but then a principal components 
analysiss would not have made sense. 

4.3.. FOUR ALTERNATIVE S FOR THE ANALYSI S OF THE WAFERS DATA 

Inn this section we will give four different ways to analyse the data of the 
samples.. The first approach is to decompose the multivariate data in the mean 
valuee and some simple orthogonal contrasts, and then use univariate control 
chartss (Roes and Does, 1995). The second approach (Sullivan, Woodall and 
Gardner,, in a discussion of Roes and Does) starts with a multivariate statistic to 
checkk for outliers and drift, and then uses principal components analysis to 
decomposee into univariate statistics, that are monitored by univariate control 
charts.. Then an analysis will be given (Wierda, 1994) which uses only 
Hotelling'ss T2 charts, but based on the contrasts of Roes and Does. Finally, a 
trulyy multivariate approach (Nijhuis, 1999) will be outlined. 
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4.3.1.. Univariat e contro l chart s based on orthogona l contrast s 

Roess and Does (1995) analysed the data of Table 4.1 using model (4.1), with 
u+Wjj the average wafer thickness on position j (j=1,..,5), and B, the overall batch 
effect.. Process monitoring was focused on batch means and certain differences 
betweenn positions within a batch. These differences need to be linked with well 
knownn characteristics of the process, in order to understand out-of-control 
situations,, and remove or correct the corresponding special cause of variation. 
Manyy situations that can be modelled with (4.1) allow this approach; in Section 
4.44 some other examples from Philips in Stadskanaal are given. 

Thee above approach implies that the sample mean u and specific linear contrasts 
yy of the fixed effects Wj in the model are to be controlled: 

Y ^ C j W , .. w i t h £ C j = 0 . (4.2) 

Iff there is more than one linear contrast, they are preferably chosen orthogonal, 
i.e. . 

nn n n 

ifyy = ^ c j w j and ö ^ d j W j , t h e n ^ C j d ^ O . (4.3) 
j=ii  1=1 j=i 

Thee sample estimates of orthogonal contrasts are both mutually independent 
andd independent from the sample mean, which greatly simplifies interpretation. 

ControlControl  chart  for  the mean 

Thee sample mean of batch t (Xt.= Zj X /̂n) is an unbiased estimator of u; the 
variancee of X,. is ab

2 + ZjE^n2 . From the theory of analysis of variance it is 
knownn that this variance is estimated optimally (i.e. minimum variance unbiased) 
byy the sample variance of the sample means: 

s;=Ai(* . -x. . ) 22 (4.4) 
KK — 1 |= i 

withh X = Zt X,/k the overall mean (k is the total number of batches; k=30 in Table 
4.1).. A disadvantage of this estimator is that it is sensitive to outliers, shifts and 
trendss in the sample means. An alternative to Sb is the mean of the moving 
ranges: : 

MRR = - 1 - £ | X , - X < M ) . | . (4.5) 
kk  - 1 1 = 2 

Thenn MR/d2 is an unbiased estimator of V(ab
2 + Zj Zj a/n2), where the constant d2 

== 1.128 is the expected value of the range of two independent standard normal 
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variabless (Pearson and Hartley, 1954; Table 20). The relative efficiency of MR/d2 

iss approximately 61% (Roes et al., 1993) when the model is true. But this 
estimatorr is also more resistant to outliers, shifts and trends, as Harding et al. 
(1992)) showed. For many practical situations, the gain in robustness is good 
compensationn for the loss in efficiency. 

ControlControl  chart  for  a linear  contrast 

Ann unbiased estimator of the linear contrast y (equation 4.2) is 

Ctt = XCjX, (4.6) 

orr in matrix notation: Ct = 0%. This is the appropriate statistic to use in a control 
chart.. To determine the control limits, the variance of this statistic (cTSc) must be 
estimated. . 

Forr the special case S = ae
2l Roes and Does (1995) studied four statistics for 

estimatingg the standard deviation of the contrast: 
(1)) the root mean squared error from the analysis of variance; 
(2)) an alternative based on moving ranges; 
(3)) the moving range applied to each contrast separately; and 
(4)) the pooled moving range of all contrasts monitored. 

Underr the conditions of model (4.1) the first statistic is most efficient. The second 
statisticc has a relative large sample efficiency of 61% when the model is true. The 
efficiencyy of the third statistic is rather poor, although the robustness is much 
better.. The last statistic combines the robustness of the third statistic, but has 
betterr effciency than the latter. With the simplicity of this statistic kept in mind, it is 
thee one preferred by Roes and Does. 

Theree are essentially only two directions for estimating the standard deviation of a 
contrastt in the general situation ( I unknown): 

(1)) estimate I directly, e.g. by the sample variance-covariance matrix S; 
(2)) estimate the standard deviation (V cT£c ) of a contrast directly. 

Solutionn (1) will be quickly discarded, however, because it requires estimation 
off V2n(n+1) unknown parameters. Estimating the variation of a contrast directly 
bringss us back to the familiar case of a control chart for individuals; for reasons 
off robustness we prefer the moving range method. 
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CaseCase illustration 

Too illustrate these control charts, control limits were calculated from the data of 
Tablee 4.1. The basic assumptions of model (4.1) were checked by means of a 
normall probability plot of the residuals. The parameters of interest are: 

(a)) the mean u, to control the average thickness of a batch; 
(b)) the difference between inner and outer circle: y, = - V^w, - 1/2W2 + w5; 
(c)) the difference on the middle circle: y2 = w3 - w4. 

Itt is easily verified that y, and y2 are indeed orthogonal contrasts. As described in 
Sectionn 4.2 both contrasts are the result of a principal components analysis of 
twoo weeks measurements of full batches, and physical explanations for these 
components. . 

Thee batch mean Xt. measures whether or not the average thickness is constant. 
Out-of-controll conditions on the mean can be resolved by adjustment through a 
controlcontrol knob, regulating the resulting average thickness. Figure 4.1 is actually the 
controll chart of the batch means of the data from Table 4.1. 

Thee investigation period of two weeks indicated a large and persistent difference 
betweenn the inner and outer circles. The reason for this is a small but 
unavoidablee displacement of the grindstone relative to the grinding table, and 
smalll differences in horizontal positions of the wafers. Out-of-control conditions 
mayy be caused by a change in this displacement, but more likely by the 
accumulationn of dirt which, as a result of grinding many batches, deposits on the 
grindstonee and/or the plane were the wafers are positioned. The control chart for 
thee contrast y, is a graph of the statistic C1t = - !4Xt1 - ViX^ + Xt6 versus t, and the 
controll limits are based upon the mean moving range (Figure 4.4). 
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Batc h h 

FIGUREFIGURE 4.4. Control chart for difference between inner and outer circle 

Thee final important contrast turned out to represent the differences within the 
middlee circle, although these differences contributed only a relatively small part of 
thee total variation. Out-of-control conditions on this difference are harder to 
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pinpoint,, but they do lead quite often to different technical adjustments of the 
grinderr (such as adjustments of spin speed, or oil pressure). The control chart of 
Figuree 4.5 obviously monitors contrast y2 through the statistic C^ = Xt3 - X,4. 
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FIGUREFIGURE 4.5. Control chart for difference within middle circle 

Sincee the mean and contrasts are constructed to be orthogonal, the charts are 
independentt and can be judged simultaneously. Moreover, each chart is linked to 
specificc out-of-control conditions, as described above, which provides a good 
guidee in identifying the causes. The control chart of Figure 4.1 indicates a stable 
meann thickness. From Figure 4.4 we suspect an out-of-control situation in the 
finall batches. This will be confirmed when a well-known complementary run rule 
iss applied, that a signal is issued when two out of three measurements are close 
too the control limit (see Chapter 5 for more details). The difference between the 
innerr and outer circle appears to have been increased by a special cause. It 
turnedd out that grindings kept sticking to the grindstone at this point. This leads, 
ass it usually does, to a sudden shift in the difference between inner and outer 
circle.. Either dressing the grindstone or replacing it (if dressing is not sufficient 
anymore)) can solve this problem. From the control chart of Figure 4.5 we 
concludee that the difference within the middle circle apparently went out of control 
att batches 13 and 23, and nearly so at batch 8. In these batches the wafer from 
positionn 18 was thicker than the wafer from position 19, which is usually not true. 
Thiss might well be an accidental interchange of the two wafers - which happens 
easily.. But it can also point to more serious problems, such as changed horizontal 
positionss of the wafers due to dirt. Then a clean up of the system is called for. 

4.3.2.. Contro l chart s of principa l component s 
Thee data from Table 4.1 can also be viewed as 30 individual five-dimensional 
observations,, with each observation corresponding to a batch. Following the 
approachh of Sullivan, Woodall, and Gardner (in their discussion of Roes and 
Does,, 1995), the first step is to check for the presence of scattered outliers, and 
forr shifts and trends in the underlying mean vector. For the detection of 
multivariatee outliers a stalactite chart, introduced by Atkinson and Mulira (1993), 
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wass highly recommended. The stalactite chart is an iterative procedure that uses 
thee Mahalanobis distances of observations. For detecting a shift or a drift in the 
meann vector, Sullivan et al. make use of a multivariate cumulative sum 
(MCUSUM)) test (Sullivan, 1994), which is much more useful for this purpose than 
thee more familiar Hotelling's T2 chart (Sullivan and Woodall, 1996). The 
retrospectivee MCUSUM chart plots for each observation the squared 
Mahalanobiss distance of the accumulated deviation from the overall mean vector. 
Thee covariance matrix is estimated by one-half times the covariance matrix of 
differencess of pairs of successive observations, an idea that was initially 
suggestedd by Holmes and Mergen (1993). From the MCUSUM chart it follows 
thatt there is no sustained shift or drift in the mean vector (which is confirmed by 
thee lack of such a pattern in the multi-van' chart in Figure 4.3). And the stalactite 
chartt detected observations 8,13,21,23 and 30 as possible outliers. 

Thee second step in the approach of Sullivan et al. is the determination of the 
principall components to be charted. Since they want to base the components on 
aa stable process, the potential outliers are omitted from these estimates. The first 
threee principal components correspond closely to the three variables Roes and 
Doess used for monitoring the process. The remaining two principal components 
weree also considered, even though these contributed less than 3% to the total 
variation.. The final step of Sullivan et al. is to make control charts of all estimated 
principall components, with control limits based on the familiar moving range 
methodd for individual observations (with the data of the five potential outliers 
againn omitted); see Figure 4.6. 

Thee first three charts closely resemble the control charts of Figures 4.1, 4.4 and 
4.5.. The last two charts capture most of the unusual nature of the (potential) 
outliers.. The interpretation of the corresponding components is a problem, 
however,, as Roes and Does (1995) demonstrated in their reply to the analysis of 
Sullivann et al. Moreover, the operators on the shop floor have no tool to react 
adequatelyy on an out-of-control signal. It is interesting, however, that the outliers 
showw up so clearly in the components that contribute only a few percent to the 
totall variation of a stable process. In the next section we will discuss this further. 

Sullivann et al. concluded that their method provides a reasonable alternative to 
thee method of Roes and Does, with similar interpretability. Furthermore, they 
arguedd that their method has additional advantages of simplicity and familiarity. 

56 6 



Principall Component I Principall Component 4 

r̂ r r / W W ^V V VVV V v y v 

Principall Component 2 Principall Component 5 

yv^v v 

Principall Component 3 

FIGUREFIGURE 4.6. Control charts of five principal components 

4.3.3.. A multivariat e contro l char t based on the contrast s 

Wierdaa (1994) provided yet another analysis of the data of Table 4.1. He 
acceptedd the results of the initial study of Does and Roes that only three 
parameterss are of interest: (1) the overall average thickness, (2) the difference 
betweenn the inner circle and the outer circle, and (3) the difference on the middle 
circle.. He especially recognises the importance of the interpretability of these 
parameters.. The above three variables constitute a three-dimensional vector. To 
testt the hypothesis that the mean vector is constant over the 30 batches, Wierda 
usedd Hotelling's T2 chart. To estimate the covariance matrix and to obtain the 
upperr control limit, he created 15 rational subgroups of two successive batches. 
Thee within-rational-subgroup variation was used to estimate the covariance 
matrix.. The resulting T2 chart (Figure 4.7) clearly indicates a signal for the 15th 

newlyy created rational subgroup, corresponding to batches 29 and 30. 

Thee univariate approach of Subsection 4.3.1 led us also to the conclusion that the 
processs went out of control at one of the last two batches. Dust that kept sticking 
too the grindstone was responsible for a signal in the chart of the difference 
betweenn the inner and outer circles. Consequently, Wierda repeated the 
proceduree with batches 29 and 30 omitted, but now based on the common 
covariancee estimator S. The corrected T2 control chart indicates that batch 13 is 
outt of control, while the value of batch 23 is rather high. A problem remains that 
furtherr analysis is necessary before an operator knows which variable (or 
combinationn of variables) is responsible for the signal, and how an out-of-control 
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situationn might be resolved. However, several diagnostics - normalised error plots 
andd contribution plots - have been developed to guide engineers and operators in 
assigningg causes (see e.g. Kourti and MacGregor, 1996). Based on the fact that 
thee three variables have only small correlation coefficients, the conclusion of 
Wierdaa was that the use of three univariate control charts (as in Subsection 4.3.1) 
wouldd be sufficient in this particular case. 

Batch h 

FIGUREFIGURE 4.7. T control chart based on contrasts 

4.3.4.. A multivariat e contro l char t based on all data 

Ann alternative to Wierda's approach is (see e.g. Kourti and MacGregor, 1996) to 
startt with a principal components analysis; the significant components are 
retainedd to obtain Hotelling's T2 statistic. The space defined by the corresponding 
eigenvectorss is called the projection space. The squared perpendicular distance 
off an observation from the projection space, the squared prediction error (SPE) 
measuress the contribution of the components that have not been utilised. 
Multivariatee SPC consists of two charts, the T2 chart to monitor whether the 
processs is still within the normal operating region in the projection space, and the 
SPEE chart to check whether the distance from the projection space is still 
acceptable.. In the discussion of the paper of Does et al. (1999b) Nijhuis (1999) 
usedd this approach on the data of Table 4.1. He decided that a two-dimensional 
subspacee is sufficient to describe the variation adequately. His T2 chart gives no 
signals,, but the V SPE chart signals eight out-of-control measurements: apart 
fromm the well-known batches 8, 13, 21, 23 and 30, also the batches 2, 5 and 28 
aree flagged. 
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4.4.. DISCUSSION 

4.4.1.. A compariso n of the fou r method s 

Thee use of the univariate charts and corresponding OCAPs has accomplished 
thatt the mean thickness of the wafer grinding process is now on target, and that 
thee variability of the three important variables has been considerably reduced (by 
aboutt 30%). Not only are the control limits tighter, but the mean levels of both 
contrastss are also consistently closer to zero, reflecting that several 
improvementss resulted in a better process. The reject rate decreased from 3% to 
0.1%,, which is equivalent to cost savings of 500,000 Dutch guilders per year. The 
remarkablee fact is that no new equipment was needed to accomplish this result. 
Inn the old situation the standard textbook X-R-chart was used, but owing to the 
systematicc within-sample variation the limits in the X-chart were too wide, so 
operatorss reacted too late. Moreover, the R-chart hardly ever signalled too much 
variation.. Finally, since the process variation appeared to be so high, the 
operatorss steered on thickness above the target, because too thick wafers can be 
repaired. . 

Thiss huge improvement was made possible by the use of the simple but correct 
controll charts of Roes and Does (Section 4.3.1). However, any other method 
incorporatingg the within-sample correlation of the sample data might have given 
betterr results. The main advantage of the univariate control charts is that an 
operatorr can immediately address out-of-control situations; all other methods lack 
thiss feature. The characteristics we monitor are firmly rooted in the physical 
naturee of the process, and signals in the control charts can be linked to special 
causess of variation. The corresponding OCAPs lead then to the way to solve the 
problemm as quickly as possible. Both the charts of the principal components of 
Sullivann et al. and especially the multivariate charts of Wierda and Nijhuis need 
furtherr analysis when an out-of-control signal is given. The strength of Does and 
Roes'' method is that this analysis has already been done in a process 
characterisationn phase, a combined effort of process engineers and operators, 
andd that the results are reflected in specific control charts and OCAPs, which are 
instantaneouslyy applicable by operators. 

Inn the case of the grinding process the univariate approach gives out-of-control 
signalss at batches 13, 23 and 30. Sullivan et al. get additional signals at batches 
88 and 21; for these signals the last two principal components are responsible. 
Theirr first three components closely resemble the three contrasts of Roes and 
Does,, and the same batches are flagged. Wierda confines his T2 chart to the 
threee contrasts of Roes and Does, and gets signals at batches 13 and 29/30. It 
appearss that the simple univariate charts are at least as sensitive as Wierda's 
multivariatee chart. This result is not really surprising, because Wierda based his 
chartt on the three orthogonal variables from the initial principal components 
analysiss of Roes and Does. If all measurements of a sample were included, 
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however,, then the "P statistic would have been badly influenced by the strong 
collinearityy in the covariance matrix. The reduction of the dimensionality solved 
thiss well-known problem. The many signals from Nijhuis' "residuals" chart (as the 
VV SPE chart might be seen) are a strong indication that his model is limited. 

Thee five charts of the principal components add some extra power. This extra 
powerr needs some more investigation, as Roes and Does (1995) did in their 
replyy to Sullivan et al. (note that Roes and Does' alternative 4th component is not 
orthogonall to the component estimating parameter y,). Rather than investigating 
thee meaning of the identified components, we prefer to use one more chart for 
additionall variation. 

4.4.2.. A contro l char t for the remainin g within-subgrou p variatio n 

Assumee that the n-dimensional vectors C i , . . . , ^ constitute a set of orthogonal 
contrasts.. Then {l.c , c^} is an orthogonal n-dimensional set of vectors (1 is 
thee unit vector). Any n-dimensional vector X can uniquely be written in the form: 

XX = p01+p1c1 + ... + pn.1c,,1 (4.7) 

withh the p's satisfying: 

p00 = 1TX / n and § = c / X / c / c , 0=1 n-1) (4.8) 

Noww suppose that only the unit vector and the first p contrasts would be used for 
describingg X. Then the difference between the X and the projection of X would be 
pp^Cp^^ + ... + P^c^ and the squared perpendicular distance of X from the 
projectionn space is 

(«V/Cpn)) P^2 + ... + ( C p / O p^2 = 

( c ^ VV « W X)2 + - + (c. , /0- 1 (c„-i T X)2 (4.9) 

Thiss is in fact the squared prediction error (SPE), mentioned in Subsection 4.3.3. 
Iff the vectors 1 and c1t...fcp are the significant eigenvectors of the variance-
covariancee matrix of X, then it may be assumed that the averages of p ^ Pn., 
willl be zero. The contrasts of Roes and Does (1995) will in general not fulfil this 
condition,, however, and the averages of p ^ , . . . ^ may be systematically 
differentt from zero. A suitable alternative to (4.9) is therefore the following 
expression: : 

( V / c ^ )) ( p^ - Pp.,0)2 + ... + ( C O (ft* - P.,0)2 (4.10) 

withh p^V-Pn-i0 the in-control values of Pp., p^. Expression (4.10) is invariant 
forr the particular choice of the contrasts c ^ c^ (as long as they span the 
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samee subspace - a proof of this elementary result from linear algebra is given in 
thee Appendix). The expected value of (4.10) is: 

V / E c ^^ / v / c ^ +... + c^/Sc,, / c / c , * (4.11) 

Underr model (4.1) with I = ae
2l the expression in (4.10) has a c^Vn-p-i-distribution 

andd the expectation of (4.11) reduces to (n-p-1)<Te
2. The distribution of (4.10) is 

veryy complicated in the general situation. We advise therefore to chart the square 
rootroot of the expression in (4.10) in a control chart for individuals, and use the 
movingg range method to calculate the control limits. For retrospective control 
chartss fy0 might be replaced with its observed average in expression (4.10). 

Insteadd of (4.10) Does et al. (1999b) suggested a chart based on 

V(<ViTCp«)) IPPM " l + - + ^ „ . / O |pfr1 - (V,0! (4.12) 

AA major disadvantage of this statistic (designed as a kind of analogue to the 
statisticc for the conventional R-chart) is that it depends on the choice of the set of 
contrasts.. This is clearly not desirable. 

Forr the wafer grinding case Roes and Does (1995) defined two contrasts to 
describee the interesting within-sample structure: y, = - 1/£w., - !4w2 + w5 and y2 = w3 

-- w4 (Subsection 4.3.1). With two other orthogonal contrasts the residual within-
samplee structure can be described. Two simple contrasts are p, = w^ - w2 and p2 

== w: + w2 - 1.5 w3 - 1.5 w4 + w5. Contrast p1 describes the difference within the 
outerr circle, while contrast p2 denotes the difference between the middle circle 
andd the combination of outer and inner circle. The estimates of these contrasts 
aree R1t = X,, - X^ and Ra = X^+ X^ - 1.5 X^ - 1.5 X,4 + X^. In expression (4.10) 
wee substitute the in-control values of the fy's with their estimates from Table 4.1: 
(R,, =-2.20 and R2 =-12.42). 

SPEtt = (R,, - RJ72 + (Rs - R2)
2/7.5 (4.13) 

Thee control chart of V SPE is shown in Figure 4.8 (with control limits based on the 
movingg ranges). It does not give out-of-control signals. This might be further 
evidencee of the fact that Sullivan et al. are too sensitive in employing the least 
importantt principal components as well, but the fact is that we don't know whether 
orr not the process was out-of-control. We do know, however, that from an 
engineeringg point of view the signalled samples are hard to link to a special 
cause. . 

61 1 



99  1 0 1 1 1 2 1 3 1 4 1 5 1 6 1 7 1 8 1 9 2 0 2 1 2 2 2 3 2 4 2 5 2 6 2 7 2 8 2 9 3 0 

Batc h h 

FIGUREFIGURE 4.8. Control chart for random within-sample variation 

4.4.3.. Other case studie s 

Modell (4.1) is valid in several multivariate problems. In this subsection we very 
brieflyy give two other examples, both from Philips Semiconductors in 
Stadskanaal.. The first example deals with the process of glass deposition and is 
describedd in more detail in Does, Roes and Trip (1995). So-called glass bead 
diodesdiodes are passivated (or isolated) by glass beads, that are deposited on 48 
productss simultaneously. The products are placed in a holder, and once per shift 
aa rational sample of products from one holder is used for process control: two 
productss are taken from the left-hand side of the holder, two from the right-hand 
sidee and three from the middle. A thorough investigation of the correlation 
betweenn the measurements showed that three components were sufficient to 
describee the data, because most of the variation was known if one knew the 
averagee of groups of products on the left, in the middle and on the right. This was 
translatedd into an average diameter, the difference between left and right and the 
differencee between the outer positions and the middle. Each of these 
componentss corresponds with specific special causes. The variation within these 
groupss could then be used to control the random within-sample variation. 

Thee second example is described in more detail in Does, Roes and Trip (1999a) 
andd deals with the process of silver evaporation. One of the components of a 
diodee is a molybdenum stud. This stud needs a small silver layer for two reasons: 
(1)) to be able to solder the stud to the copper lead; (2) to improve the electrical 
characteristicss of the diode. The thickness of the layer is critical, and therefore the 
processs of silver evaporation is controlled by SPC. In every evaporation batch, 
twoo copper slices are included, one near the bottom of the evaporation system, 
thee other near the top. The thickness of the silver layer is measured through an 
X-rayy spectrometer. Owing to poor measurement accuracy, each measurement is 
repeated.. Thus for each batch a rational sample of four measurements is 
obtained.. Two components describe in this situation most of the variation, 
essentiallyy the layer thickness at the top of the system and the thickness at the 
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bottom.. This was translated into two components: the average thickness and the 
differencee between top and bottom. The remaining within-sample variation, to 
whichh measurement variation contributes heavily, is controlled by a statistic 
representingg the variation within the repeated measurements. 

Inn our practice we encountered the model defined by equation (4.1) very often. It 
mustt surely be more common than the situation described in the standard 
textbooks.. We therefore strongly recommend the use of the methods that are 
describedd in Section 4.2 and Subsections 4.3.1 and 4.4.2 to set up a system of 
controll charts. These control charts are easy to use and lend themselves to 
immediatee problem solving if an out-of-control signal is issued. The other 
methodss we reviewed defy this very important feature. Our strong preference is 
thereforee to characterise the process extensively before setting up control charts, 
inn order to simplify the diagnosis once an out-of-control signal is given, and 
immediatee correction is called for. 

Theree will occur situations, however, not lending themselves to a description in 
thee form of model (4.1). Principal components that cannot be directly linked to 
speciall causes are not suitable on the shop floor. Thus, if engineering diagnostics 
iss absolutely unavoidable after a signal, then a multivariate control chart with 
diagnosticc tools to pinpoint the cause of the disturbance is preferable. This 
methodd has the additional advantage that the type I error will be better controlled. 
However,, we do not consider this a major point, since the 3a limits of control 
chartss have more an economic than probabilistic character. 

APPENDIX X 

Thee proof that expression (4.10) is invariant for the particular choice of the set of 
contrastss requires a little bit of algebra. 

Considerr an alternative set of orthogonal contrasts {d(H.1,...,dn.1}, spanning the 
samee subspace as the orthogonal set {c^,...,cn..,}. Then d, = E^c^i = p+1 n-
1).. Because d, and dj are orthogonal (i # j), the following condition on the t,( holds: 

d,Tdjj  = {SAA)T(Z,Vc,) = SEfcWc . = IMP** = 0- (4-14) 

Iff p  = CjTX  / c,TCj (for some vector ) then expression (4.10) can be rewritten 
as: : 

(«Wvi )) ((Vi - 2 + - + ( C n / o (ft * - p.;) 2= 
Eii c^X-OC'HX-Xyc, / c,Tc,. (4.15) 

Forr the set of contrasts { d ^ d^} this expression would have been: 
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££ d^X-X^X-XTd , / d,Td, = Z, CB.WpCJCXX-^q , / Itfc TcJ . (4.16) 

Usingg (4.14) it can be shown that the right hand side of (4.16) equals zero when 
jj * k, and that it equals (4.15) when j = k. 
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Chapterr  5 

CONTROLL CHARTS FOR INDIVIDUAL 
OBSERVATIONS S 

5.1 ..  TH E MOVING RANGE CHART 

Controll charts for individual observations are frequently used in industry. The 
originn of this chart is that it may be impossible to collect a sample of more than 
onee observation, which is often the case in e.g. process industries, where 
parameterss like temperatures and concentrations are monitored. The X-R-chart 
(orr affiliates) cannot be used obviously, because there is no data to calculate 
within-samplee variation. But the individuals chart has also proven its usefulness 
inn situations that superficially lend themselves to the use of the X-R-chart. 
Followingg Roes and Does (1995) the previous chapter shows that the X-R-chart 
doess not perform well in case of extra between sample variation or structure 
withinn the sample, and it is shown that one or more individuals charts give more 
reliablee results. 

AA disadvantage of the individuals chart is that every departure from the 
controlledd situation is signalled in only one chart, whereas the X-R-chart 
monitorss changes in the process mean and the process variation separately. 
Somee authors therefore propagate the use of an extra chart, the moving range 
chartchart (MR-chart), in addition to the individuals chart (X-chart), to have a better 
wayy of signalling changes in the process variation. The use of the MR-chart is 
subjectt to controversy, however, because several authors claim that it does 
bringg extra confusion, but hardly extra power. A summary of the discussion in 
recentt literature is given in the following section. The rest of this chapter 
discussess the use of the MR-chart from the viewpoint of a user of an individuals 
chartchart with supplementary run rules, who should decide on actions to take 
wheneverr a signal is given. This context of supplementary run rules is chosen 
forr two reasons. The first is that the MR-chart can actually be regarded as a 
kindd of run rule, the second reason is that (some of the) Western Electric run 
ruless are extensively used in practice, in order to increase the signalling power. 

Thee discussion in this chapter is again motivated from practices at Philips 
Semiconductorss in Stadskanaal, a QS9000 certified manufacturer of medium 
powerr diodes. Before the QS9000 audit Philips's control charts - generally 
individualss charts, as advised by Roes and Does (1995) - signalled only when 
controll limits were exceeded. A signal triggered operators to use the Out-of-
Controll Action Plan (OCAP) (Sandorf and Bassett, 1993) in order to fix the 
problemm as quickly as possible. The control charts and their corresponding 
OCAPss were devised in teams with operators from all shifts, according to the 
methodd outlined in Chapter 2 and extensively described in Does et al. (1999a). 
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Thenn the QS9000 auditor urgently advised to 'improve' the power of the SPC 
systemm by introducing supplementary run rules. A set of well-chosen run rules 
wass selected to oblige the auditor, and as a result the charts gave many 
additionall signals. A practical problem was how operators should interpret the 
signalss from the different run rules, because it might be expected that different 
ruless would point at different kinds of special causes. But even from a statistical 
pointt of view the relation between a signal and the status of the process was 
nott clear. In this setting we also investigated the use of the MR-chart. 

5.2.. DISCUSSION OF RECENT LITERATURE 

Amongg authors favouring an additional control chart for the variation are 
Duncann (1974), Wheeler and Chambers (1992), Wetherill and Brown (1991), 
andd Montgomery (1996). On the other side there is Nelson (1982, 1990), who 
stronglyy advises against such a chart with the argument that the individuals 
chartchart itself already contains all the information. 

Forr the case of individual observations X1t X2, ... the chart for the variation is 
usuallyy based on the moving range of two consecutive measurements: MR, = 
|X,, - Xj^l (t > 2). Roes et al. (1993) computed the conditional probability 
(assumingg independence of the observations) of observing a signal on the MR-
chart,, given that the X-chart itself does not signal. These probabilities are small 
forr the out-of-control situations. Therefore they concluded that the contribution 
off the MR-chart to the power of discovering an out-of-control situation is small. 

Adkee and Hong (1997) came to the opposite conclusion. They computed the 
conditionall probability of a signal on the MR-chart between t+1 and t+n (n>2), 
givenn that the X-chart does not signal in that period. They assume that the 
processs is already out of control at time t+1, whereas Roes et al. (1993) 
conditionedd upon the situation that only the last observation is out of control. 
Thee probabilities of Adke and Hong (for n=2) are therefore larger than those of 
Roess et al. Wieringa (1999) shows that Adke and Hong use essentially a one­
sidedd MR-chart (not a two-sided one, as they claim), but Roes et al. do the 
same. . 

Rigdonn et al. (1994) followed Wetherill and Brown (1991) and examined ranges 
off not just two, but also of three and four consecutive observations. They 
selectedd control limits for the combined X-MR-chart so that the in-control 
averagee run length (ARL) was the same as for the X-chart alone. Their 
conclusionn was that for shifts in the process mean the X-chart alone is more 
effective,, while this chart is about equally effective in detecting changes in the 
processs variability as the combined X-MR-chart. 
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Aminn and Ethridge (1998) believe that the relatively poor performance of 
Rigdon'ss combined X-MR-chart is due to the choice of the chart parameters. 
Butt apart from ARL considerations they have additional reasons to recommend 
thee use of the combined X-MR-chart. They assert that 

"iff only the X-chart is used, the user will not be able to directly 
distinguishh between a shift in the process mean and changes in the 
processs variability". 

Anotherr reason is that the X-MR-procedure may be more useful in diagnosing 
shift(s)) than the X-chart alone. The authors don't prove their claims with data, 
however. . 

Albinn et al. (1997) investigated the individuals X-chart in combination with run 
rules,, the MR-chart, and the Exponentially Weighted Moving Average (EWMA) 
chart.. Based on ARL values they recommend the use of X-charts and EWMA-
chartss without complementary run rules. Small shifts in the process variation 
aree not well detected, however. If it is critical to detect such shifts, they propose 
thee use of an alternative run rule (see Section 5.3). 

5.3.. RULES FOR OUT-OF-CONTROL DETECTION 

Assumee that a process is normally distributed. Without loss of generality we 
mayy assume that the process mean is 0 and the standard deviation is 1 when 
thee process is in control. If the process is monitored with periodical samples of 
sizee 1, the lower and upper control limit (LCL and UCL) of the individuals chart 
aree -3 and +3 respectively. The standard rule to issue a signal is: 

RuleRule 1: A control limit is exceeded. 

Threee of the many Western Electric run rules were introduced at Philips 
Semiconductorss Stadskanaal to improve the power of the control chart: 

RuleRule 2: The lower and upper warning limit (LWL and UWL) are -2 and +2 
respectively;; a signal is issued when 2 out of 3 measurements are in the 
samee warning zone (the region between a warning limit and 
correspondingg control limit). 

RuleRule 3: A run of 6 measurements going up or down. 
RuleRule 4: A run of 9 measurements above or below the central line (CL), which 

iss 0 in this chart. 

Thee reason for exactly these three run rules is rather arbitrary. In fact they were 
selectedd because it was felt that they were easy to comprehend by operators. 
Thiss is an important argument because operators may have to stop the process 
whenn a signal is given: it certainly helps when they are convinced that there is 
reallyy something the matter with the process. 
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Ann individuals chart is sometimes supplemented with a MR-chart, plotting the 
successivee ranges of two consecutive measurements, issuing a signal when 
thee upper control limit is exceeded. The common value of the UCL is 4.65 (the 
"3a-limit"),, but alternatives have been suggested (Amin and Ethridge, 1998) 
relatedd to the power of the test. The MR-chart operates quite alike the following 
alternativee run rule: 

RuleRule A: Two successive measurements in the opposite warning zones. 

Pagee (1955) discussed Rule A (and related rules) already before there was any 
mentioningg of the MR-chart, because 

"thee occurrence [...] of two near samples outside opposite warning lines 
pointss to an increase in the spread of the distribution". 

Inn the appendix of this chapter Rule A is compared to the MR-chart. It turns out 
thatt Rule A is not as sensitive to out-of-control situations as the MR-chart, but 
thee effect has limited importance. 

Albinn et al. (1997) studied another of Page's rules and a direct alternative of the 
secondd run rule: 2 out of 3 measurements in opposite warning zones. But Rule 
AA is the more direct translation of the MR-chart and a really simple one: there is 
noo need for an additional chart, or for a movable transparency, as devised by 
Adkee and Hong (1997). The lower control limit of the MR-chart is not useful, 
eitherr in theory (Wieringa (1999) shows that additional power in the one-sided 
casee is larger than in the two-sided case) or in practice. The value of this limit 
(0.002)) effectively means that a signal is issued when two consecutive 
measurementss are equal, which happens much more often in real life than in 
thee normal theory, due to rounding off of the data. 

Thee purpose of this chapter is to evaluate Rule A, as a closely corresponding 
alternativee to the MR-chart, among the other rules for signalling out-of-control in 
individuall charts. The basic question is whether Rule A helps identifying out-of-
controll processes, without too many extra signals when the process is in 
control.. An additional question is whether it guides operators towards the right 
out-of-controll direction. 

5.4.. PERFORMANCE OF THE RUN RULE FOR VARIATION 

Thee performance of the individuals chart with the decision rules described in 
Sectionn 5.3 has been studied through Monte Carlo simulations. This is 
necessaryy because the run rules are dependent, and the claim of Champ and 
Woodalll (1987) that exact run-length probabilities can be calculated "for any set 
off supplementary run rules" is not true, because of Rule 3. We simulated data 
fromm normal distributions, the mean in the range 0 (0.5) 2.5, and the standard 
deviationn in the range 0.5 (0.25) 1.5 (0.5) 3. For each situation five runs of 
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1,000,0000 consecutive measurements were simulated. Averages of these five 
runss are presented in Table 5.1 (the standard deviations of these averages are 
generallyy less than 0.5% except in the upper left-hand corner, where a 
maximumm of 1.6% is attained). We adopted the convention that all rules start 
withh a clean slate after a signal has been given - which agrees with the sound 
practicee of bringing the process in control before it is continued. Table 5.1 
presentss the impact of the inclusion of rule A (the equivalent of the MR-chart) 
onn the average run lengths (ARL). 

st.dev . . 

0.5 0 0 

0.7 5 5 

1.0 0 0 

1.2 5 5 

1.5 0 0 

2.0 0 0 

2.5 0 0 

3.0 0 0 

mean n 

00 0. 5 1. 0 1. 5 2. 0 2. 5 

4333 23. 5 10. 1 8.0 8 4.2 4 2.1 7 

41 77 47. 2 13. 3 7.1 0 3.8 8 2.2 8 

1511 43. 6 13. 0 6.1 9 3.5 5 2.2 9 

38. 77 22. 3 9.9 3 5.3 1 3.3 0 2.2 9 

16. 00 12. 3 7.3 9 4.5 9 3.1 1 2.2 8 

6.2 55 5.7 3 4.6 5 3.5 9 2.7 9 2.2 3 

3.8 99 3.7 5 3.3 8 2.9 4 2.5 1 2.1 5 

2.9 33 2.8 7 2.7 2 2.5 0 2.2 7 2.0 4 

st.dev . . 

0.5 0 0 

0.7 5 5 

1.0 0 0 

1.2 5 5 

1.5 0 0 

2.0 0 0 

2.5 0 0 

3.0 0 0 

mean n 

00 0. 5 1. 0 1. 5 2. 0 2. 5 

43 33 23. 5 10. 1 8.0 8 4.2 4 2.1 7 

4111 47. 1 13. 3 7.1 0 3.8 8 2.2 8 

1355 42. 5 13. 0 6.1 8 3.5 5 2.2 9 

34. 22 21. 0 9.7 8 5.2 9 3.3 0 2.2 9 

14. 55 11. 5 7.1 8 4.5 5 3.1 0 2.2 8 

5.8 66 5.4 2 4.4 8 3.5 1 2.7 6 2.2 2 

3.7 22 3.6 0 3.2 7 2.8 7 2.4 7 2.1 3 

2.8 33 2.7 8 2.6 4 2.4 5 2.2 3 2.0 2 

TableTable 5.1. Average Run Lengths without and with Rule A 

Thee in-control (|i=0, CT=1) ARL decreases from 151 to 135 (10.6%) when rule A 
iss added to the SPC system with decision rules 1-4. The only situation with a 
largerr decrease in ARL is a slightly larger standard deviation (n=0, a=1.25), 
whenn the ARL decreases from 38.7 to 34.2 (11.6%). For all other simulated 
combinationss of \i and a the decrease in ARL is less than 10%. So the power 
improvementt due to rule A is maximal when the process variation is slightly 
largerr than in-control; the gain compared to the extra signals when the process 
iss in control is only marginal, however. 

Inn Table 5.2 the contribution of Rule A to the performance of the SPC system is 
displayed.. For every simulated combination of mean and standard deviation the 
percentagee of signals from Rule A is given. For evaluation of the effects of the 
individuall decision rules we adopted another convention, that each signal will 
bee attributed to only one decision rule: the rule with the shortest window. So 
rulee 1 gets always first priority, then rule A, and so on. 

Tablee 5.2 confirms the conclusion from Table 5.1, that the percentage of signals 
duee to Rule A is maximal when the standard deviation is slightly higher than in-
control.. The gain compared to the in-control percentage (11.4%) is limited, 
however.. A signal from Rule A might thus point at a small increase of the 
standardd deviation, but it might (nearly) just as well mean that the process is 
stilll in control! 
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st.dev. . 

0.50 0 

0.75 5 

1.00 0 

1.25 5 

1.50 0 

2.00 0 

2.50 0 

3.00 0 

mean n 

00 0.5 

0.0%% 0.0% 

1.3%% 0.1% 

11.4% % 

13.1% 13.1% 

11.4% % 

2.8% % 

6.7% % 

8.0% % 

7.9%% 6.8% 

5.6%% 5.2% 

4.0%% 3.9% 

1.0 0 

0.0% % 

0.0% % 

0.4% % 

1.9% % 

3.5% % 

4.7% % 

4.2% % 

3.4% % 

1.5 5 

0.0% % 

0.0% % 

0.1% % 

0.4% % 

1.3% % 

2.7% % 

3.0% % 

2.7% % 

2.0 0 

0.0% % 

0.0% % 

0.0% % 

0.1% % 

0.4% % 

1.4% % 

2.0% % 

2.1% % 

2.5 5 

0.0% % 

0.0% % 

0.0% % 

0.0% % 

0.1% % 

0.7% % 

1.2% % 

1.5% % 

TableTable 5.2. Percentage of Signals from Rule A 

5.5.. INTERPRETATION OF A SIGNAL 

Whenn the SPC system with decision rules A and 1-4 issues a signal, another 
importantt question is "What is wrong with the process?" A signal from Rule 1 
mightt point at another type of process disturbance than a signal from Rule A 
(forr example). In order to see which process disturbance triggers which decision 
rule,, the contribution of the decision rules 1-4 in the ARL of the SPC-system is 
displayedd in Tables 5.3 to 5.6. The data are gathered from the same 
simulationss as above (Rule A included); the percentages of Tables 5.2 to 5.6 
addd therefore up to 100% for every combination of mean and standard 
deviation. . 

Rulee 1 (control limit exceeded) 

stdev. . 

0.50 0 

0.75 5 

1.00 0 

1.25 5 

1.50 0 

2.00 0 

2.50 0 

3.00 0 

mean n 

00 0.5 1.0 1.5 

0.0%% 0.0% 0.0% 1.1% 

2.5%% 2.1% 5.1% 

36.6%% 27.5% 29.6% 

56.2%56.2% 53.5% 54.3% 

16.1% % 

41.3% 41.3% 

61.0% 61.0% 

66.1%66.1% 66.3% 68.3% 72.7% 

78.5%78.5% 79.3% 81.1% 83.9% 

85.6%85.6% 86.1% 87.3% 89.0% 

89.9%89.9% 90.1% 90.9% 91.9% 

2.00 2.5 

9.6% % 

35.4% % 

56.3% 56.3% 

34.5% % 

66.0% 66.0% 

70.6% 70.6% 

69.9%69.9% 78.9% 

78.3%78.3% 84.1% 

86.9%86.9% 89.9% 

90.8%90.8% 92.7% 

93.1%93.1% 94.3% 

TableTable 5.3. Percentage of Signals from Rule 1 

Thee in-control percentage form Rule 1 is 36.6. This percentage increases 
markedlyy when the variation increases and/or the mean makes a large jump. A 
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smalll increase of the process variation to a=1.25 is already responsible for a 
moree than 50% relative frequency increase of Rule 1. 

Rulee 2 (2 out of 3 measurements in the same warning zone! 

st.dev. . 
0.50 0 

0.75 5 

1.00 0 

1.25 5 

1.50 0 

2.00 0 

2.50 0 

3.00 0 

mean n 
00 0.5 1.0 1.5 2.0 2.5 

0.0% % 

2.2% % 

22.6% % 

0.0%% 0.8% 

4.3%% 15.1% 

26.5%26.5% 33.9% 

25.5%25.5% 83.1% 65.5% 

43.9%43.9% 59.4% 33.9% 

42.0%42.0% 40.7% 29.2% 

24.0%24.0% 29.2% 32.9% 32.8% 

20.7% % 

13.4% % 

8.8% % 

6.1% % 

22.9%22.9% 25.0% 24.1% 

13.6%% 13.8% 13.1% 

8.7%% 8.5% 8.0% 

6.0%% 5.7% 5.3% 

28.5%28.5% 20.9% 

20.6% % 

11.6% % 

7.2% % 

4.8% % 

15.6% % 

9.4% % 

6.1% % 

4.2% % 

TableTable 5.4. Percentage of Signals from Rule 2 

Thee in-control percentage of signals from this rule is 22.6. In the following 
situationss the share of Rule 2 in out-of-control signals is larger: 
•• a large shift in the mean and smaller variation; 
•• a medium shift in the mean and unchanged variation; 
•• a small shift in the mean and increased variation. 
Notee that Rule 2 is almost as sensitive as Rule A to detect a 25% increase of 
thee process variation. 

Rulee 3 (6 measurements in a row increasing or decreasing) 

st.dev. . 

0.50 0 

0.75 5 

1.00 0 

1.25 5 

1.50 0 

2.00 0 

2.50 0 

3.00 0 

mean n 

00 0.5 

15.0% 15.0% 

14.0% 14.0% 

4.3% % 

0.6% % 

1.4% % 

1.1% % 

1.0%% 0.5% 

0.3%% 0.2% 

0.0%% 0.0% 

0.0%% 0.0% 

0.0%% 0.0% 

1.0 0 

0.2% % 

0.2% % 

0.2% % 

0.1% % 

0.1% % 

0.0% % 

0.0% % 

0.0% % 

1.5 5 

0.1% % 

0.0% % 

0.0% % 

0.0% % 

0.0% % 

0.0% % 

0.0% % 

0.0% % 

2.00 2.5 

0.0%% 0.0% 

0.0%% 0.0% 

0.0%% 0.0% 

0.0%% 0.0% 

0.0%% 0.0% 

0.0%% 0.0% 

0.0%% 0.0% 

0.0%% 0.0% 

TableTable 5.5. Percentage of Signals from Rule 3 

Thiss decision rule is especially designed for signalling trends. No trends were 
simulated,, however, so the value of this rule is not really shown in this study. 
Butt the study does show that the number of signals from Rule 3 is more than 
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threee times higher when the process variation suddenly drops with at least 
25%. . 

Rulee 4 (9 measurements in a row above or below the central line) 

mean n 
st.dev. . 
0.50 0 

0.75 5 

1.00 0 

1.25 5 

1.50 0 

2.00 0 

2.50 0 

3.00 0 

0 0 0.55 1.0 

85.0%85.0% 99.4% 99.0% 

80.0%80.0% 92.1% 79.5% 

25.1%%  42.0% 35.9% 

5.1% % 10.1%% 10.9% 

1.5%% 2.6% 3.1% 

0.2%% 0.3% 0.3% 

0.0%% 0.0% 0.0% 

0.0% 0.0% 0.0%0.0% 0.0% 

1.5 5 

73.3% 73.3% 

40.0% 40.0% 

16.6% % 

5.8% % 

2.0% % 

0.2% % 

0.0% % 

0.0% 0.0% 

2.0 0 

7.3% % 

5.2% % 

3.0% % 

1.5% % 

0.7% % 

0.1% % 

0.0% % 

0.0% 0.0% 

2.5 5 

0.0% % 

0.1% % 

0.1% % 

0.1% % 

0.1% % 

0.0% % 

0.0% 0.0% 

0.0% 0.0% 

TableTable 5.6. Percentage of Signals from Rule 4 

Thee proportion of signals from this decision rule is higher than the in-control 
percentagee (25.1%) when the process variation is smaller or equal than 1 and 
thee shift of the process mean is small or medium. 

AA kind of a-posteriori analysis may assist in detecting the direction of an out-of-
controll situation. This will be based on the assumption that a signal from one of 
thee decision rules is the starting point of a search for an assignable cause. Of 
coursee there will be signals when the process is in control, but operators cannot 
knoww when this happens and a search is begun nonetheless. 

Whenn all possible deviations are equally likely, the following directions might 
roughlyy apply (we limit ourselves to the simulated cases). 
Rulee 1 - increased process variation and/or a large shift of the process mean. 
Rulee 2 - a medium shift of the process mean and maybe also a small change of 

thee variation. 
Rulee 3 - the process variation may be (much) smaller. 
Rulee 4 - a small shift of the process mean and maybe also less variation. 
AA signal from Rule A might indicate a larger process variation, but chances are 
equallyy likely that the process is still in control. In response to Amin and 
Ethridgee (1998) we would therefore comment that Rule A (or the MR-chart) is 
thee least suitable run rule to diagnose a shift in the mean and/or a shift in the 
standardd deviation of the process. 

Iff some specific process deviations are more likely to occur than others are, 
thenn a similar a-posteriori analysis might again point to the most likely out-of-
controll direction. If e.g. only a shift of the mean is probable, then Rule 1 points 
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att large shifts, Rule 2 at medium shifts, and Rule 4 at small shifts. The best 
conclusionn from a signal from Rule A will be that the process mean is still on 
target. . 

Thiss knowledge provides useful information for the design of Out-of-Control 
Actionn Plans. A course of action might be to list the effect of process deviations 
onn the mean and standard deviation. Thus all failure modes may be categorised 
accordingg to which rule will most likely signal. A directed search for the special 
causee may then help a quick recovery from an out-of-control situation, when a 
signall is issued. At Philips in Stadskanaal the MR-chart (or Rule A) was not 
seenn as beneficial in this respect, and is therefore not implemented. 

APPENDIX X 

AA comparison of decision rule A and the MR-chart 
Assumee that the in-control process is normally distributed with mean 0 and 
standardd deviation 1. Decision rule A signals an out-of-control situation when 
twoo successive measurements fall in two opposing warning zones, i.e. the 
intervalss [-3,-2) and (2,3]. In agreement with the convention we adopted the 
one-sidedd MR-chart signals when the distance between two successive 
measurementss is larger than the control limit c, on the condition that neither 
measurementt exceeds the control limits of the individuals chart (-3 and 3). 

Forr a comparison of decision rule A and the MR-chart procedure the following 
eventss are interesting: 

E,:: the MR-chart does signal, but rule A does not; 
E2:: rule A signals, but the MR-chart does not; 
E3:: both the MR-chart and rule A give a signal. 

Withh (j> the probability density function of the measurements the probabilities of 
thesee events are (for 4<c<5): 

2-cc 2 3-c 3 2 -c+x 3 -c+x 

P{Ei>== ( $ 1+ $j+ i \ + I JWxWyJdxd y 
-33 c+x -2 C+x c-3 -3 c-2 -2 
-2-2 c+x c-2 -2 

P{E2)=(( J J+ [ jMx>Ky)dxdy 
2-cc 2 2 -c+x 

2-cc 3 -2 3 3 - 2 c-2x- c 

P{Ea}} =(\\+ J | + \ ƒ+ | jMWyJdxdy 
-33 2 2-cx+ c c -2- 3 2 -3 
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Thee performance of the MR-chart is equivalent to that of decision rule A when 
P{Et}} = PfEJ. For an in-control process this is approximately true when the 
controll limit c of the MR-chart has the value 4.464. 

Forr normal alternatives with a shift in the mean and/or increased standard 
deviations,, it turns out that decision rule A is not as sensitive as the MR-chart 
(withh c = 4.464). This is shown in Tables 5.7 and 5.8, where P{E1} is always 
largerr than PfEJ in the out-of control situations. 

st.dev . . 

1.0 0 0 

1.2 5 5 

1.5 0 0 

2.0 0 0 

2.5 0 0 

3.0 0 0 

P{E, > > 

.00033 5 5 

.00159 9 9 

.00332 3 3 

.00557 8 8 

.00592 8 8 

.00542 4 4 

P{E 2} } 
.00033 6 6 

.00112 9 9 

.00193 5 5 

.00268 1 1 

.00260 5 5 

.00227 1 1 

P{E3 > > 
.00058 0 0 

.00321 5 5 

.00743 8 8 

.01419 2 2 

.01613 0 0 

.01524 0 0 

mean n 

0. 0 0 

0. 5 5 

1. 0 0 

1. 5 5 

2. 0 0 

2. 5 5 

P{E J J 
.00033 5 5 

.00029 5 5 

.00019 2 2 

.00008 5 5 

.00002 4 4 

.00000 4 4 

P{E 2} } 
.00033 6 6 

.00026 3 3 

.00012 5 5 

.00003 7 7 

.00000 7 7 

.00000 1 1 

P{E 3} } 
.00058 0 0 

.00046 2 2 

.00023 3 3 

.00007 4 4 

.00001 5 5 

.00000 2 2 

TablesTables 5.7 and 5.8. Probabilities of signals owing to a shift of the mean (standard 
deviationdeviation is 1) and to increased standard deviation (mean is 0) respectively 

Thiss means that the MR-chart performs better than decision rule A when the 
processs is out of control. In the region of out-of-control situations where the MR-
chartt might be useful (a slightly increased standard deviation), the loss of using 
rulee A is limited, however. From Table 5.8 we see that for standard deviations 
betweenn 1.0 and 2.0 the probability that both methods signal (event E3) is at 
leastt a factor 4.9 higher than the difference between the probabilities that only 
onee method signals: P{E3} > 4.9 * ( P{EJ - P ^ J ) . 
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SAMENVATTING G 

Statistischee Procesbeheersing (SPC) wordt algemeen gezien als een 
belangrijkee methodiek voor de integrale kwaliteitszorg. Des te opmerkelijker is 
hett dat er nog altijd veel bedrijven geen gebruik van maken. Nu is acceptatie 
vann SPC vanaf de introductie (door Shewhart, in 1924) een zaak geweest van 
vallenn en opstaan. Volgens de man die vaak vereenzelvigd wordt met SPC, 
Deming,, is gebrek aan visie en 'leiderschap' van managers de belangrijkste 
oorzaak.. Hij introduceerde daarom een geheel andere manier van leiding 
geven:: niet alleen aandacht hebben voor de resultaten, maar vooral voor het 
ontwikkelenn van betere methoden om betere resultaten te bereiken. Dat nieuwe 
concept,, dat we tegenwoordig kennen als integrale kwaliteitszorg ("Total 
Qualityy Management", TQM), is succesvol geweest, maar desondanks is 
introductiee van SPC steeds een moeizame aangelegenheid gebleven. Dit 
proefschriftt beschrijft enkele bijdragen om de SPC methodiek zelf te 
verbeteren.. De vestiging van Philips Halfgeleiders te Stadskanaal is de plaats 
waarr ik daarbij de meeste ervaring heb opgedaan. 

Philipss heeft sinds 1955 een vestiging in Stadskanaal. Eerst waren zwart-wit 
beeldbuizenn de belangrijkste producten, maar sinds deze activiteit in 1987 werd 
beëindigd,, vormen diodes het hoofdbestanddeel van de productie. Een 
populairee beschrijving van een diode is dat van een elektrisch ventiel. Diodes 
wordenn op printplaten gesoldeerd en doen dienst als schakelaars en 
gell ijkrichters. De producten worden in twee fasen geproduceerd. Eerst wordt 
mett behulp van diffusietechnieken het hart van de diode gemaakt, het kristal, 
datt de gewenste halfgeleidende eigenschappen heeft. Daarna worden de 
kristallenn samen met andere componenten tot diodes samengesteld. De 
organisatiee van Philips Stadskanaal is volgens sociotechnische principes 
opgezet.. Dit houdt in dat het productiepersoneel uit "hele taakgroepen" bestaat, 
mett een eigen verantwoordelijkheid voor kwaliteit en productiviteit. 

Inn het begin van de jaren '90 is SPC ingevoerd bij Philips Stadskanaal. Daarbij 
iss de systematische aanpak gevolgd die in hoofdstuk 2 is beschreven. Nadat 
eerstt de bedrijfsleiding bewust is gemaakt van het belang en de consequenties 
vann SPC, zijn in de volgende fase twee Proces Actie Teams (PATs) van start 
gegaann met als opdracht hun processtap beheerst te maken en te houden. 
Toenn bleek dat dit een succesvolle aanpak was, zijn systematisch alle andere 
kritischee processtappen beheerst gemaakt. En tenslotte zijn in de vierde fase 
ookk voor de andere afdelingen de consequenties uit de invoering van SPC 
getrokken.. De coördinatie van de invoering van SPC was de 
verantwoordelijkheidd van de SPC stuurgroep, die aan het management 
rapporteerde.. De stuurgroep bewaakte de tijdsplanning en installeerde PATs. In 
hoofdstukk 2 wordt nader ingegaan op de taken van de stuurgroep. Ook wordt 
aandachtt besteed aan de samenstelling, opdracht en werkwijze van een PAT. 
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Dee gevolgde methodiek om tot beheersing te komen is beschreven in een 
activiteitenplann bestaande uit tien stappen, het PAT-werkboek. Met de 
invoeringg van SPC is het verhaal echter nog niet af, want de behaalde 
resultatenn moeten behouden blijven. Daarom wordt ook aandacht besteed aan 
dee "post SPC organisatie". Een PAT gaat over in een PIT (een Process 
Improvementt Team, ofwel verbeterteam), die mogelijk ook opdrachten krijgt 
buitenn het directe SPC terrein. De sociotechnische organisatievorm van Philips 
Stadskanaall biedt voldoende aanknopingspunten. Het hoofdstuk eindigt met de 
resultatenn die SPC Stadskanaal heeft gebracht en tenslotte wordt een profiel 
geschetstt van een statisticus in het bedrijfsleven. 

Dee eerste puur statistische stap van het activiteitenplan is de bepaling van de 
nauwkeurigheidd van een meetsysteem. Wil men op basis van proces- en/of 
productmetingenn in het proces ingrijpen of producten afkeuren, dan moet de 
betrouwbaarheidd van de metingen gegarandeerd zijn. Om deze reden wordt 
eenn meetsysteem regelmatig gekalibreerd. Maar ook de spreiding in de 
metingenn is van invloed is op de kwaliteit van de uitspraak; als de spreiding ten 
gevolgee van het meten zelf groot is, moeten kanttekeningen worden geplaatst 
bijj de waarde van de meting. Voor het in kaart te brengen van de meetspreiding 
enn trekken van consequenties daaruit, heeft de gezamenlijke Amerikaanse 
automobiel-industriee in een handboek een voorstel gedaan dat inmiddels de 
standaardd is. 

Inn hoofdstuk 3 wordt deze methode tegen het licht gehouden, in het bijzonder 
voorr de situatie dat een meting door maar een paar mensen wordt gedaan 
(metingenn in een laboratorium bijvoorbeeld). De gangbare definitie van de 
meetspreidingg blijkt in dat geval geen heldere betekenis te hebben. Als de 
breedtee van een predictie-interval als uniform bruikbare maat voor 
meetspreidingg wordt genomen, blijkt dat de gangbare methode ook geen goede 
afspiegelingg is van de werkelijke meetspreiding. De kans is groot dat de 
werkelijkee meetspreiding wordt overschat, met name als er maar weinig 
waarnemerss zijn, die onderling fors van elkaar afwijken. Er wordt een 
eenvoudigee alternatieve methode voor het schatten van de meetspreiding 
aangedragen,, die bovendien uitstekende eigenschappen heeft, mits het aantal 
waarnemerss tot vijf beperkt blijft. 

Dee regelkaart is het belangrijkste gereedschap van SPC; in de loop der jaren is 
hierr veel onderzoek naar gedaan. Een tamelijk recent onderzoek is van de 
handd van Roes en Does (1995), dat met discussie in het vaktijdschrift 
"Technometrics"" is verschenen. Hun onderzoek is gebaseerd op een probleem 
datt zich aandiende bij Philips Stadskanaal, waar structuur aanwezig bleek in de 
periodiekee steekproef voor beheersing van het proces om plakken te slijpen. Dit 
probleemm is later door verschillende onderzoekers vanuit allerlei gezichtspunten 
bezien;; de kernvraag is of de univariate aanpak van Roes en Does niet beter 
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doorr een multivariate aanpak kan worden vervangen. In hoofdstuk 4 worden de 
verschillendee methoden naast elkaar gezet en van commentaar voorzien. 

Dee methode van Roes en Does analyseert eerst de structuur binnen een 
steekproeff en selecteert dan zogenaamde 'contrasten' waarmee het proces 
wordtt bewaakt. Een contrast komt niet alleen voort uit de analyse, maar dient 
voorall ook een heldere relatie te hebben met het proces. Elk contrast wordt dan 
mett een regelkaart bewaakt, en voor situaties dat de kaart een signaal geeft 
(tenn teken dat het proces niet meer beheerst is) wordt een rampenplan ("Out-
of-Controll Action Plan", OCAP) opgesteld. Het grootste bezwaar van de 
multivariatee alternatieven is de onduidelijke relatie tussen het signaal in de 
regelkaartt en de benodigde actie om de onbeheerste situatie te verhelpen. De 
gebruikerr zal eerst de data nader moeten analyseren voor hij in het proces kan 
ingrijpen.. Daar zijn weliswaar hulpmiddelen voor ontwikkeld, maar ze ontberen 
dee snelheid en directheid van een rampenplan. 

Dee discussie maakte wel duidelijk dat in de methode van Roes en Does een 
regelkaartt voor het niet-systematische deel van de steekproef ontbrak. In 
hoofdstukk 4 is dat bezwaar ondervangen door de afstand tot het door de 
contrastenn opgespannen vlakte beschouwen. 

Hett laatste hoofstuk behandelt een controversieel onderwerp. Bij de regelkaart 
voorr individuele waarnemingen (de natuurlijke kaart voor de contrasten van de 
methodee van Roes en Does) wordt door sommige onderzoekers een 
aanvullendee regelkaart aanbevolen, om de spreiding in het proces te bewaken. 
Anderenn raden het gebruik van zo'n aanvullende kaart, die is gebaseerd op 
verschillenn tussen opeenvolgende waarnemingen, ten sterkste af. Door 
opeenvolgendee waarnemingen te beschouwen, is de extra regelkaart sterk 
verwantt aan de zogenaamde 'run regels', die naast de gewone signalering op 
basiss van regelgrenzen kunnen worden gebruikt om onbeheerste situaties 
snellerr op te sporen. Ook bij Philips Stadskanaal worden enkele 'run regels' 
toegepast.. Het nut van die aanvullende regelkaart voor de spreiding wordt in 
hoofdstukk 5 dan ook beoordeeld binnen het kader van het gebruik van extra 
'runn regels'. 

Dee conclusie luidt echter ondubbelzinnig dat deze kaart overbodig is. Voor 
allerleii afwijkingen van de beheerste situatie zijn er signaleringsregels die extra 
gevoeligg worden, alleen de voorgestelde kaart niet. Ietwat kort door de bocht 
kann worden gesteld dat de belangrijkste toename aan signalen optreedt als het 
process beheerst is, wanneer extra signalen juist niet gewenst zijn. 
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