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ABSTRACT 
Design of Experiments (DoE) contains techniques, such as factorial designs, that 
help experimenters maximize the information output from conducted experiments 
and minimize the amount of experimental work required to reach statistically 
significant results. The use of DoE in industrial processes is frequently and 
thoroughly described in literature. However, continuous processes in industry, 
frequently found in, for example, the mining and steel industries, highlight special 
issues that are typically not addressed in the DoE literature. 

The purpose of this research is to contribute to an increased knowledge of the use of 
DoE in continuous processes and aims to investigate if factorial designs and other 
existing techniques in the DoE field are effective tools also in continuous processes. 
Two studies have been performed. The focus of the first study, a case study of an 
industrial blast furnace operation, is to explore the potential of using factorial designs 
in a continuous process and to develop an effective analysis procedure for the 
experiments in a continuous process. The first study includes, for example, 
interviews, experiments, and large elements of action research. The focus of the 
second study is to explore how a-priori process knowledge can be used to increase 
the analysis sensitivity for unreplicated experiments. The second study includes a 
metastudy of experiments in literature as well as an experiment. 

The results show that it is possible to use factorial designs in a continuous process 
even though it is not straightforward and special considerations by the experimenter 
will be required. For example, the dynamic nature of continuous processes affects 
the minimum time required for each run in an experiment since a transient time 
period is needed between each run to allow the experimental treatments to reach 
full effect in the process. Therefore, the use of split-plot designs is recommended 
since it can be hard to completely randomize the experimental run order. It is also 
found that process control, during the conduction of the experiment, may be 
unavoidable in continuous processes. Thus, developing a process control strategy 
during the planning phase is found to be an important experimental success factor.  

Furthermore, the results indicate that the multitude of cross-correlated response 
variables typical for continuous processes can be problematic during the planning 
phase of the experiment. The many and cross-correlated response variables are also 
reasons to why multivariate statistical techniques, such as principal component 
analysis, can make an important contribution during the analysis. Moreover, a-priori 
process knowledge is confirmed to have a positive effect on analysis sensitivity for 
unreplicated experiments. Since experimental effects in continuous processes can be 
expected to be small compared to noise, a-priori process knowledge can also make a 
valuable contribution during analysis of experiments in continuous processes. 
Furthermore, activities like coordination of people, information and communication 
as well as logistics planning are found as important parts of the experimental effort in 
continuous processes. 

Keywords: Design of Experiments; Continuous processes; Process industry; Process control; 
Multivariate analysis; A-priori knowledge; Split-plot designs; Blast furnace experiments.
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SWEDISH ABSTRACT 
Försöksplanering innehåller metoder och verktyg, exempelvis faktorförsök, som 
hjälper den som utför experiment att maximera informationsutbytet från 
experimenten och samtidigt minimera mängden resurser som krävs för att nå 
statistiskt säkerställda resultat. Användandet av försöksplanering i industriella 
processer beskrivs ofta och utförligt i litteraturen, men kontinuerliga 
tillverkningsprocesser, som ofta hittas i exempelvis gruv- och stålindustrin, medför 
en problematik som normalt inte beskrivs i försöksplaneringslitteratur. 

Syftet med forskningen i denna avhandling är att bidra till en ökad kunskap om 
användandet av försöksplanering i kontinuerliga processer genom att undersöka om 
faktorförsök och andra verktyg inom försöksplaneringsområdet är effektiva också i 
kontinuerliga processer. För att uppnå syftet genomfördes två studier. Den första 
studien är en fallstudie vid en industriell masugnsanläggning. Här utreds, genom 
intervjuer, experiment och aktionsforskning, potentialen i att använda faktorförsök i 
en kontinuerlig process och en analysmetodik för experiment i kontinuerliga 
processer utvecklas. Den andra studien undersöker, genom en metastudie av 
experiment från litteratur samt ett experiment, hur a-priori processkunskap kan 
användas för att öka känsligheten i analys av icke upprepade experiment. 

Resultaten visar att det är möjligt att använda faktorförsök i en kontinuerlig process 
men att det kräver speciella överväganden av försöksplaneraren. Exempelvis påverkar 
den dynamiska karaktären hos kontinuerliga processer den minsta möjliga tid som 
krävs för varje delförsök eftersom en omställningstid, mellan varje delförsök, behövs 
för att de förändringar som görs ska nå full effekt i processen. Det kan därför vara 
svårt att använda en fullständigt randomiserad försöksording. Istället rekommenderas 
användningen av så kallade split-plot-försök där begränsningar i randomiserings-
ordningen görs. Vidare är processtyrning ofta oundvikligt samtidigt som 
experimenten pågår, vilket gör det viktigt att i förväg formulera en styrstrategi för att 
minimera styrningens påverkan på försöksresultaten.  

Resultaten visar också att den stora mängden korskorrelerade resultatvariabler, som 
är vanliga i kontinuerliga processer, kan skapa problem under planeringen av 
experimenten. De många och korskorrelerade resultatvariablerna är också en orsak 
till att multivariata statistiska verktyg, som t.ex. principalkomponentanalys, kan vara 
värdefulla hjälpmedel under analysen. Vidare visar resultaten att nyttjandet av a-
priori processkunskap under analysen har en positiv effekt på analysresultaten för 
icke upprepade försök. Eftersom effekter av förändringar i kontinuerliga processer 
ofta förväntas vara små jämfört med brus kan a-priori processkunskap ge ett 
värdefullt bidrag vid analys av experiment i kontinuerliga processer. Resultaten visar 
också på vikten av exempelvis koordination av personal, information, 
kommunikation och logistikplanering för att lyckas bra med ett experiment i en 
kontinuerlig process. 

Nyckelord: Försöksplanering; Kontinuerliga processer; Processindustri; Processtyrning; 
Multivariat analys; A-priori kunskap; Split-plot-försök; Masugnsexperiment. 
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THESIS STRUCTURE 
As a reader’s guide, the chapters and appendices of the thesis, together with a brief 
summary of their contents, are presented in the table below. 

CHAPTER CONTENT 

CHAPTER 1 INTRODUCTION The chapter introduces the research area and 
describes the purpose and scope of the research presented in this 
thesis. 

CHAPTER 2 THEORETICAL FRAME OF REFERENCE The chapter starts with a 
discussion of Design of Experiments theory with a focus on the concepts 
of factorial designs and split-plot designs. Also, methods for analyzing 
designed experiments are presented, including a discussion of 
multivariate analysis. Different types of industrial processes are 
discussed and experimental challenges in continuous processes are 
indicated. 

CHAPTER 3 METHODOLOGY This chapter presents and discusses the 
methodological choices during the research. Topics addressed are, for 
example, the author’s preunderstanding of the thesis subject, the 
research purpose, the research approach and the research strategies, 
data collection, and analysis of the two studies in this thesis. Research 
quality is also discussed.   

CHAPTER 4 THE BLAST FURNACE PROCESS The chapter gives a brief 
introduction to the blast furnace process of iron making. Further, the 
studied industrial case, the EBF, is presented to the reader. 

CHAPTER 5 SUMMARY OF RESULTS The results connected to the three appended 
papers are summarized in this chapter.  

CHAPTER 6 CONCLUSIONS AND DISCUSSION In this chapter the author makes a 
synthesis of the results presented in the papers and the conclusions are 
presented. The research process, results, and the contribution are also 
discussed. Finally, suggestions for further research are presented. 

CHAPTER 7 REFERENCES The references, in alphabetical order, are given in the 
last chapter of the thesis. 

APPENDICES APPENDED PAPERS Three papers: A, B, and C are appended to the 
thesis. 

 INTERVIEW GUIDE Lastly, an interview guide used during the research 
is appended. 
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LIST OF DEFINITIONS AND ABBREVIATIONS  
 

Term Definition 

A-priori process 
knowledge 

In this thesis, the term is used to describe such prior knowledge of 
the process or product that the experimenter or experimental team 
possess. Examples of such knowledge are theoretical knowledge of 
chemical reactions and physical relations in a process or collected 
experience from running the process and previous experiments. 

Continuous 
process 

In continuous processes (frequent in the process industry), the 
product gradually and with minimal interruptions passes through a 
series of different operations and exhibits characteristics such as 
liquids, powders, slurries and other non-discrete states (Fransoo & 
Rutten, 1994; Dennis & Meredith, 2000). 

Design of 
Experiments 

In this thesis, Design of Experiments (DoE) is defined as a body of 
knowledge that contains methodologies and techniques that help 
experimenters conduct better experiments and analyze experimental 
data more efficiently (Wu & Hamada, 2000). 

Process industry Continuous processes are frequent in the process industry and the 
term process industry is sometimes referred to in the thesis. A 
definition of the process industry provided by Lager (2002, p.108) is: 
”process industry is production industry using (raw) materials to 
manufacture non-assembled products in a production process where 
the (raw) materials are processed in a production plant where 
different unit operations often take place in a fluid form and the 
different processes are connected in a continuous flow.” 

 

Abbreviation Full form 

ANOVA Analysis of variance 

DoE Design of Experiments 

EBF  The LKAB Experimental Blast Furnace in Luleå, Sweden 

LKAB Loussavaara Kiirunavaara AB 

MANOVA Multivariate analysis of variance 

OFAT One-factor-at-a-time (experimentation) 

PCA Principal component analysis 

PLS Projection to latent structures by use of partial least squares 
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1. INTRODUCTION 
he chapter starts with a brief presentation of the research area. The purpose of the 
research and the scope are then presented. 

1.1 Background 
Knowledge is needed to make good decisions in our daily life as well as for those 
decisions we make in our working life, for example, improving production 
processes in industry. Box et al. (2005) argue that knowledge is power but the 
attainment of knowledge can be complex, time consuming and costly. Knowledge is 
needed to make fact-based decisions with a higher probability of success than 
decisions made uninformed.  

In industry, a way to gain knowledge about processes and products and gather 
experience is by experimenting (Antony, 1999). Conducting experiments is also a 
fundamental part of research. Thomke (2001, p. 67) states that “experimentation lies 
at the heart of every company’s ability to innovate.” When conducting industrial 
experiments, disturbances are sent into a system and the reactions of the system are 
then studied (Montgomery, 2005). In this way disturbances (or change in factor X) 
can be tied to a possible system response (change in factor Y). Cox & Reid (2000) 
argue that when an investigator conducts an experiment the system under study is 
controlled, that is, the important features of the investigated materials, the nature of 
the studied manipulations of the system and the measurement procedures are all 
determined by the investigator. By contrast, in an ‘observational study’ the 
investigator does not control all of these features even though the objective of the 
two types of studies may be identical (Cox & Reid, 2000). 

Conducting experiments in industry is often costly and process knowledge that can 
be gained in other ways is often a cheaper alternative. Nonetheless, sometimes the 
only feasible way to gain new knowledge about a process or a product is to 
experiment. It should therefore always be of interest to maximize the information 
output from an experiment and at the same time minimize the resources required 
for producing this information output. Design of Experiments (DoE1) can be 
viewed as a body of knowledge that contains methodologies and techniques that 
help experimenters conduct better experiments and analyze experimental data more 
efficiently (Wu & Hamada, 2000). DoE is intended to help maximize the 
information output about important cause and effect relations from conducted 
experiments and at the same time minimize the amount of experimental work (or 
cost) required to reach statistically significant results (Bergman, 1992). Consequently, 
DoE is useful for an experimenter that wants to understand or improve a product or 
a process and wants to do it effectively and efficiently. 

                                        

1 Wu & Hamada (2000), and many other authors, use the concept “Experimental design” to label the body of 
knowledge which is also often referred to as “Design of Experiments” (used by this author throughout the thesis).   

T 
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Statistics is a central part of DoE but when statistical techniques are applied it is 
important not to forget about non-statistical knowledge. Box et al. (2005, p.13) 
claim that “statistical techniques are useless unless combined with appropriate subject 
matter knowledge and experience.” Thus, both statistical skills and process 
knowledge are needed to successfully design, conduct and analyze an experiment. In 
this thesis, the concept of ‘a-priori process knowledge’ is used to describe such prior 
knowledge of the process or product that the experimenter or experimental team 
possess. Examples of such knowledge can be theoretical knowledge of chemical 
reactions and physical relations in a process or collected experience from running 
the process and previous experiments.    

The pioneering work on DoE was made by R. A. Fisher, at Rothamsted 
Experimental Station in the 1920s and 1930s, where he worked on problems in 
agriculture and biology (Steinberg & Hunter, 1984). After World War II the 
techniques got a boost when they were developed to tackle problems in industrial 
processes (especially the chemical industry) and important contributions were made 
by, for example, G. E. P. Box. This led to the development of response surface 
methods for process optimization and also to a focus on optimal designs. Since the 
1980s and the important work of G. Taguchi, an increased focus has been on 
experimental designs for variation reduction in products and processes. Today, DoE 
has grown far beyond the agricultural area and is now used in almost every area of 
science and engineering. (Borror et al., 2000; Wu & Hamada, 2000; Montgomery, 
2005) 

One of the major contributions of statistical insight into the DoE field are factorial 
designs, that were initially developed by R. A. Fisher and F. Yates (Steinberg & 
Hunter, 1984). The essence of a factorial design is that several experimental factors 
are studied simultaneously instead of one at a time. The focus of the work presented 
in this thesis is on the industrial application of factorial designs. 

Deleryd et al. (1999) argue that statistical methods and DoE have a central position 
in Quality Management. DoE is well known by professionals in the fields of statistics 
and quality, but Goh (2001) argues that the use of DoE in industry is far from 
pervasive. Studies of industrial use of DoE in Sweden show mixed results. Gremyr et 
al. (2003) report that DoE is used by a little over 50 percent of the studied 
industries, while Bergquist & Albing (2006) present a much lower number in their 
study. The differing results are probably dependent on the different samples, the 
types of respondents, and how the definitions of ‘use’ are made in the two studies. It 
is, however, clear that there still exists substantial improvement potential in 
spreading the use of DoE in industry.  

There are a number of ways to run production processes in industry. A rough 
partitioning of different industrial production processes, used in this thesis, is into 
discrete and continuous production. Discrete production (such as casting of steel 
hinges) typically have distinct operations where each operation contributes with 
specific outputs to achieve the overall process output (Hild et al., 2000). By contrast, 
in continuous processes (frequent in the process industry), the product gradually and 
with minimal interruptions passes through a series of different operations and 
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exhibits characteristics such as liquids, powders, slurries and other non-discrete states 
(Fransoo & Rutten, 1994; Dennis & Meredith, 2000). Continuous production 
processes can be found in, for example, the pulp and paper industries, chemical 
industries, parts of medical and food industries, as well as parts of mining and steel 
industries. The blast furnace process, which is studied in this research, is an example 
of a continuous process in the steel industry. 

There is extensive literature on experimental designs applicable for use in industrial 
processes. However, in most accounts of the use of DoE in industry, the processes 
studied have been non-continuous or more specifically discrete production 
processes. Exceptions are the methods of ‘Response Surface Methodology’, 
introduced by Box & Wilson (1951), and ‘Evolutionary Operation’, introduced by 
Box (1957), which were developed to tackle experimental issues in the process 
industry (especially the chemical industries). Another important field of research 
connected to issues in continuous processes is ‘chemometrics’, where statistical 
methods (often multivariate) have been developed to analyze data in process 
industry settings (mainly the chemical industry), see Wold (1995) for a discussion of 
chemometrics. Yet, it is argued in this thesis that conducting experiments in 
continuous processes highlights special issues that are typically not addressed in DoE 
literature. Hence, research on how experimental strategies in continuous processes 
can be developed further is of importance. 

1.2 Problem discussion 
Running experiments in continuous processes implies several challenges in addition 
to the ones always present when conducting experiments (Hild et al., 2000). In this 
section, examples of characteristics of continuous processes that can complicate DoE 
initiatives are indicated. See Section 2.4.1 for a deeper discussion.  

A prerequisite for finding a cause and effect relationship between a disturbance 
(change in factor X) and response (Y) is a steady-state condition in the process both 
before and after the disturbance is introduced. That is, to estimate a representative 
effect on the process by the experimental factors, full impact of the factor changes 
on the process must have taken place. However, the propagation of a disturbance in 
a continuous process can take time which leads to requirements of prolonged 
experimental runs compared to experiments in non-continuous production 
(Saunders & Eccleston, 1992). This issue is caused by the dynamic characteristic of 
many continuous processes. 

In discrete processes, it is common to use bold levels of factors to see the effect on 
responses of interest. However, Hild et al. (2000) argue that this is not a 
recommended strategy for continuous processes since even small changes in factors 
can be exaggerated to unacceptable effects on the processing state as well as cause 
unwanted disruptions. The smaller the differences in factor levels are, the more 
difficult it is to detect the resulting effects of the factor changes. 

Another complicating issue is that data from continuous processes often are 
dominated by frequent on-line logging of many process variables, while the 
measuring of product characteristics usually is made less frequently by off-line 
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analysis (Hild et al., 2000). The frequent logging of certain process variables can also 
cause a high degree of autocorrelation in the data (Saunders et al., 1995). The 
process response variables are also typically crosscorrelated since a few underlying 
events often drive the process at any time. Thereby, several of the measurements on 
process variables are just different reflections of the same underlying event (Kourti & 
MacGregor, 1995; Kourti et al., 1996). Autocorrelated and crosscorrelated variables 
become an issue that has to be dealt with during the analysis.  

The crosscorrelation of process variables can make shifts in the processing state hard 
to detect in univariate plots. Therefore, multivariate approaches to analysis may be 
needed (Kourti & MacGregor, 1995; Hild et al., 2000). Examples of multivariate 
statistical tools that can be used during the analysis are Principal Component 
Analysis and Projections to Latent Structures by Partial Least Squares. Also, 
autonomous and automatic control systems in continuous processes are often 
working to create process stability. In fact, these systems can counteract deliberate 
changes of X-factors. Hence, the process might not respond in direct changes in the 
response variables (Ys) but instead as changes in other X-factors (Hild et al., 2000). 

The issues of continuous processes outlined above are typically not addressed in 
DoE literature. Clearly, however, these issues will affect the application of designed 
experiments and methods of analysis. Despite a thorough investigation, the author 
has found very little literature in the DoE field that has focused on methodologies 
and techniques adapted to continuous processes. Hence, the question that has 
stimulated this research is: “can DoE and factorial designs be straightforwardly 
applied in continuous processes?”  

1.3 Research purpose and scope 
The overall purpose of this research is to contribute to an increased knowledge of 
the use of designed experiments in continuous processes by describing examples of 
and experience from methods used for planning, conducting and analyzing 
experiments in a continuous industrial process. The aim of this research is to 
investigate if factorial designs and other existing techniques in the DoE field are 
effective also in continuous processes.  

The research also aims to explore and describe potential problems, and suggest 
possible solutions, when planning, conducting and analyzing experiments in a 
process with a continuous production flow. More concretely, the focus of this 
research is to: 

• explore the potential of using factorial designs in a continuous process and 
describe the experience from this work, 

• develop an effective analysis procedure for designed experiments in a 
continuous process, 

• and to explore how a-priori process knowledge can be used to increase the 
analysis sensitivity for unreplicated experiments.   
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There are many types of continuous processes, in which, the potential of factorial 
designs could be explored. In this research, an experimental blast furnace process is 
chosen to represent the population of continuous processes. Hence, this choice 
limits the potential problems with using factorial designs to the prerequisites for 
running a continuous blast furnace process. However, most of the issues outlined in 
Section 1.2 above fit the blast furnace processes well, and this makes the blast 
furnace process a good representative for continuous processes. 

The development of an effective analysis procedure is limited to considering existing 
techniques from the DoE field and connected fields and if possible regrouping them 
to a new procedure. This research will not deal with the development of new 
statistical analysis techniques. 

To apply a-priori process knowledge as support in the analysis process could be 
useful in experiments independent of the type of process. In continuous processes, 
issues like process stability concerns, cost of experimentation, and the relatively small 
differences in factor levels can lead to small unreplicated designs with small effects 
compared to noise. In such situations a-priori process knowledge could be of special 
importance during the analysis.  
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2. THEORETICAL FRAME OF REFERENCE 
he purpose of this chapter is twofold. First, the chapter aims to give the reader an 
introduction to Design of Experiments (DoE). Concepts within DoE such as factorial 

designs, split-plot designs, and analysis methods are presented. Second, the chapter also aims 
to discuss special characteristics of continuous processes and experimental challenges in 
continuous processes that are indicated in the literature are presented. 

2.1 Design of Experiments 
Experiments are a common and important way to collect data in almost all fields. 
Montgomery (2005, p. 1) defines an experiment as “a test or a series of tests in 
which purposeful changes are made to the input variables of a process or system so 
that we may observe and identify the reasons for changes that may be observed in 
the output response.” Figure 2.1 presents a general model of a process or system 
under experimentation. This model helps define certain concepts used throughout 
the thesis. 

Process
(or system)
Process

(or system)
Inputs Output

Y1, Y2 …Yi

Z1
Z3 Z4 Zq

X1

X3 X4 Xp

Uncontrollable factors or disturbance factors

Controllable factors:
experimental factors and held-constant factors 

X2

Z2

 
Figure 2.1 A general model of a process (system) under experimentation. Adapted from 
Montgomery (2005, p. 2). Changes in the output responses (Ys) due to changes of experimental 
factors (Xs) or the inputs are recorded. However, the system is often affected by uncontrollable 
factors (Zs) too.  

The system under experimentation can have one or many response variables (Ys). In 
an experiment, the effects of the controllable factors2 (the Xs in Figure 2.1) on the 
output response are measured. However, there are often factors that are impossible 
or too expensive to control during an experiment (the Zs), so-called disturbance 
factors (or noise factors), which can affect the response. 

 

 

                                        
2 Variables such as experimental variables are often labeled “factors” in DoE literature. “Factors” and “variables” 
are used interchangeably in this thesis to label such variables that affect the system under experimentation. 

T 
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According to Montgomery (2005, p. 3), examples of objectives of an experiment 
(refer to Figure 2.1) can be: 

• to determine which variables (Xs) are most influential on the response (Y), 

• to determine how to set the influential Xs to keep the response close to a 
desired nominal value or perhaps to minimize the variability of the response, 

• or to determine how to set the influential Xs to minimize the effect of the 
uncontrollable factors (Zs) on the response. 

When conducting the experiment, complexity, experimental error and the 
difference between correlation and causation are three problems that the 
experimenter will encounter. Firstly, complexity refers to the situation which the 
experimenter commonly is exposed to, namely to simultaneously consider many 
variables that influence the studied product or process. Secondly, variability during 
experiments is inevitable and thus the experimenter needs to cope with 
experimental error. Thirdly, the problem of separating correlation from causation 
must be handled. Correlation between two variables, say X and Y, can often occur 
because they are both associated with a third factor W. The DoE methodology helps 
the experimenter deal with problems such as those described above. (Box et al., 
2005) 

DoE incorporates many statistical techniques and hence DoE is a methodology 
where statistics play an important role. Although DoE has a history of its own it is 
frequently mentioned as an important methodology in Quality Management; see, 
for example, Bergman & Klefsjö (2007), Xie & Goh (1999) and Powell (1995). 

The author of this thesis has chosen to label the methodology ‘Design of 
Experiments’ (DoE). Montgomery (2005) also uses DoE to label the methodology. 
‘Experimental design’ is frequently used as a synonym, see, for example, Box et al. 
(2005) and Wu & Hamada (2000), as well as ‘statistical experimental design’. The 
author of this thesis has chosen to use DoE because here the ‘design’ precedes the 
‘experiment’ and this reflects the importance of careful planning when doing an 
experiment. The author of this thesis (as well as the majority of literature) includes 
the planning of the experiment (the design), the realization of the design and analysis 
of the experiment in the DoE methodology. 

Thorough planning of the experiment is critical for experimental success and 
important steps in the planning phase as well as tools to use during planning is 
promoted by, for example, Coleman & Montgomery (1993) and Barton (1997). 
Important steps of experimentation are given in Table 2.1. In Paper A, more 
detailed steps in the planning process are presented.  
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Table 2.1 Steps of experimentation. Source: Coleman & Montgomery (1993, p. 2)  

Step Activity 

1 Recognition and statement of the problem

2 Choice of factors and levels 

3 Selection of the response variable(s) 

4 Choice of experimental design 

5 Conduction of the experiment 

6 Data analysis 

7 Conclusions and recommendations 

2.1.1 The advantages of factorial experiments 
As indicated in Figure 2.1, there are often many potentially interesting variables that 
could be tested in an experiment. Montgomery (2005, pp. 3-5) describes three 
possible strategies for experimentation when several factors are to be investigated: 
‘best-guess’, ‘one-factor-at-a-time’ and factorial experiments. In the best-guess 
approach, a certain setting of the experimental factors is tested and based on the 
results of this test another setting is then chosen using the engineer’s best-guess. The 
one-factor-at-a-time (OFAT) approach is still often used by engineers and scientists 
(Czistrom, 1999). In the OFAT approach, the effect of a single factor is measured 
while keeping all other factors constant. However, the recommended way to design 
an experiment which investigates several experimental factors is to use the factorial 
approach (Czistrom, 1999; Montgomery, 2005). According to Hahn (1984), 
statistically designed experiments (such as factorial designs) have sometimes suffered 
critique as they are considered to discourage flexibility by requiring the 
experimenter to stick to a rigid test plan. Further, Hahn (1984, p. 24) indicates that 
experimenters may find the statistical approach “not as much fun.” 

Czistrom (1999) describes the advantages of factorial designs (compared to OFAT 
experiments) for testing two or more experimental factors: 

• they require less resources for the amount of information that is obtained, 

• the effect estimate for each factor (or interaction) is more precise, 

• the interaction effects between two or more factors are systematically 
estimated, 

• and the experiment produces information in a larger region of the factor space. 

The possibility to measure interactions in factorial designs is important since it is a 
way to account for possible nonadditivity in factor effects. An interaction effect can 
be interpreted as a type of curvature in the underlying response model for the 
experiment (Montgomery, 2005). Effects from OFAT designs must assume that 
factors act additively, which is frequently a false assumption. (Box et al., 2005)  
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2.1.2 Factorial designs and fractional factorials 
This section briefly describes two-level factorials which are of special importance in 
DoE (Box et al., 2005). In factorial designs, all possible combinations of the levels of 
the factors are tested and the factors can be both quantitative and qualitative. Figure 
2.2 presents a 22 design (a two-level factorial design testing two factors).  
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Std. order
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1 - - +
2 + - -
3 - + -
4 + + +  

Figure 2.2 Graphical representation (left) of a two-factor design with two levels for each factor. 
All combinations of the factors’ levels are tested. To the right is the corresponding design matrix 
(in standard order or Yates’s order) with the two factors and their interaction. The order of the 
experimental runs is usually randomized when conducting the experiment.   

Even if two-level factorials are the cornerstone of industrial experimentation 
(Montgomery, 2005), there is sometimes a need to include factors with more than 
two levels. A common situation when this occurs is when there is a mixture of 
quantitative and qualitative factors and the qualitative factor has, for example, three 
levels (Montgomery, 2005). In fact, Paper B describes such a situation.  

Two-level factorials also form the basis for fractional factorial designs which are 
valuable for screening experiments (Box et al., 2005). The experimenter can often 
assume that higher order interactions are negligible, such as three-factor interactions 
and higher (Myers & Montgomery, 2002). Information about main effects and low-
order interactions can then be obtained by running a fraction of the complete 
experiment (Montgomery, 2005). Fractional factorials are arranged so that less likely 
interactions are aliased (varied in the same pattern) with factors or interactions 
considered more likely to be active.  

The drawback with fractional factorials is that effects cannot be measured without 
the distortion risk from aliased effects. Therefore, the resolution of the design 
provides important information about the alias structure of the design. In a 
resolution III (three) design, for example, main effects are aliased with two-factor 
interactions. See, for example, Myers & Montgomery (2002) for more on design 
resolution.  

For a thorough discussion of factorial designs and fractional factorials, see, for 
example, Box et al. (2005, chapters 5-6) or Montgomery (2005, chapters 5, 6 and 8). 
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An example of short notation and explanations for a two-level 1/8 fractional 
factorial design testing six factors in eight runs with resolution III is given in Figure 
2.3 below. This notation is used to describe experimental designs in Paper C. 

82 36 =−
III

Number of levels
for each factor Resolution of the 

design (fractional
factorials)

Number of factors

Number of design 
generators (fractional
factorials)

Number of runs
required for 
each replicate
of the design

 
Figure 2.3 An example of short notation of a two-level factorial design.  

2.1.3 The basic principles of randomization, replication and blocking 
Randomization, replication and blocking are three critical principles of well-
designed experiments (Young, 1996; Bjerke, 2002). Whenever possible, the 
experimenter should think about applying these principles. 

Randomization is used to avoid bias or systematic error to affect the conclusion of the 
experiment (Cox & Reid, 2000). Randomization means that both the allocation of 
experimental material and the order of the runs in the experiment are determined 
randomly (Montgomery, 2005). 

Replication means to independently repeat each factor combination (Montgomery, 
2005). Replication provides the experimenter with a better estimate of the mean for 
each run and hence increased precision in effect estimates but also makes it possible 
to estimate the experimental error. The error estimate is used to establish the 
significance of effects during analysis. It is therefore important that replication is 
done so that variation among replicates provides an accurate estimate of the true 
experimental error (Box et al., 2005). 

Blocking is used to improve the precision with which the comparisons among the 
factors of interest are made and is often a strategy used to reduce variability 
transmitted from disturbance factors (Montgomery, 2005). Often each level of the 
disturbance factor, such as machine A and B, becomes a block. The block effect will 
normally be aliased with either replicates or with a high-order interaction effect. 

2.1.4 Split-plot designs (restricted randomization) 
Though randomization of the run order is desirable, industrial experimentation 
often produces situations when complete randomization of the run order might not 
be feasible because of cost or time concerns (Bingham & Sitter, 1999; Sanders & 
Coleman, 2003; Vining et al., 2005). When the randomization of the run order is 
restricted, the experiment is said to have a split-plot structure. Some factors may be 
easy to change during the experiment while others are difficult or expensive to 
change frequently. 

For illustration purpose, suppose that a 23 factorial experiment will be performed 
with factors A, B and C. However, factor A is, for some reason, difficult to change 
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while factors B and C are easy to change. In a split-plot structure, we can choose to 
fix the level of the hard-to-change factor (A) and then run all or a fraction of all 
combinations of the other factors before changing the level of A. In the current 
example the hard-to-change factor (A) is labelled the ‘whole-plot factor’ and the 
easy to change factors (B and C) ‘sub-plot factors’; see Bisgaard & de Pinho (2004). 
In a split-plot experiment, there are two levels of randomization. The whole-plot 
treatments are randomly assigned to the whole-plots and then the sub-plot 
treatments are randomly assigned to sub-plots using a separate randomization for 
each whole-plot (Vining et al., 2005). 

The implication on the experimental analysis of split-plot experiments is that 
different types of errors (variance components) must be considered during analysis. 
Whole-plot factors are associated with a larger error (whole-plot error) than the sub-
plot factors and the interactions between whole-plot and sub-plot factors (sub-plot 
error). See more about the errors in, for example, Bisgaard & de Pinho (2004). 
Consequently, the whole-plot factors are estimated with a lower precision while the 
opposite is true for the sub-plot factors and the interactions between whole- and 
sub-plot factors (Goos et al., 2006).  

Examples of analysis of split-plot experiments can be found in, for example, Castillo 
et al. (2005) and Montgomery (2005, chapter 14). Ignoring the split-plot structure 
during analysis may lead to wrong conclusions about the setting of the experimental 
factors (Goos et al., 2006). 

2.2 Methods of analysis for designed experiments 
Hahn (1984) argues that formal statistical analysis of data often is not needed to draw 
conclusions if the experiment is well-designed and well-executed, but that statistical 
analyses can be used to fine-tune conclusions and produce quantitative estimates. 
The statistical analysis tests the hypotheses of treatment effects. Normally, analysis of 
variance (ANOVA) is used in this step. The effects of two-level factorials can also be 
compared with their standard errors, see Box et al. (2005).  

The ANOVA partitions the total sum of squares (calculated from all observations in 
the experiment) into sums of squares for the treatment effects, interaction effects, 
and the sum of squares due to error, see Montgomery (2005). Under the assumption 
that the error terms are normally and independently distributed with constant 
variance, the ratios of mean squares follow the F-distribution. The mean squares of 
the main effects and interactions are compared with the mean square for errors. 
When designs are replicated, F-tests can be used to draw conclusions about the 
significance of effects. More details on ANOVA in connection with analysis of 
factorial designs can be found in, for example, Montgomery (2005, pp. 164-171). 

For unreplicated factorial designs, however, there is no internal estimate of the 
experimental error. Typically, unreplicated two-level factorials are analyzed by 
plotting the effects in a normal probability plot or a half-normal probability plot, see, 
for example, Daniel (1959) and Montgomery (2005). There are more formal 
methods of analysis for unreplicated experiments as well, see Hamada et al. (1998) 
for an extensive review. See also Paper C for more on normal probability plotting. 
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2.2.1 The role of a-priori process knowledge in design and analysis 
Box & Liu (1999) stress the collaboration between statisticians and experimenters 
arguing that they are often not the same person. Collaboration is important since 
when statistical techniques are used, it is important not to forget about non-statistical 
knowledge. Box et al. (2005, p. 13) claim that “statistical techniques are useless 
unless combined with appropriate subject matter knowledge and experience.” Thus, 
knowledge about both statistics and the process itself is important to successfully 
design, conduct and analyze an experiment. A-priori process knowledge should be 
consulted during the planning phase of the experiment. The recommendations 
provided by, for example, Coleman & Montgomery (1993) highlights the 
importance of consulting a-priori process knowledge during experimental planning. 
Barton (1997) recommend using a-priori main effect and interaction plots as aid in 
the experimental planning process. Incorporating prior knowledge in the selection 
of experimental design is also connected to Bayesian experimental design (Chaloner 
& Verdinelli, 1995).  

The role played by a-priori process knowledge during analysis will depend on the 
type of experiment. Much work has been focused at developing objective methods 
of analysis for unreplicated experiments, see Hamada et al. (1998) for a review of 
methods. Indeed, an objective result from the experiment is desirable, but 
sometimes the analysis cannot be made free from subjective deliberations. The 
incorporation of a-priori knowledge is frequently proposed as important when 
selecting a suitable design for the experiment; see, for example, Bingham & 
Chipman (2007) and Wu & Chen (1992).  

However, a-priori process knowledge is seldom promoted as important during 
analysis in DoE literature. Instead, the basic principle of replication is often stressed 
so the analysis can be made less dependent on subjective deliberations. In this thesis, 
it is argued that during analysis of unreplicated experiments, a-priori process 
knowledge could make a contribution since large elements of subjectivity are 
connected with, for example, the interpretation of normal probability plots of the 
effect contrasts.  

Connected to a-priori knowledge when analyzing experiments, are the principles of 
sparsity, hierarchy and heredity, which can be used to justify variable selection 
choices during analysis, see Chipman (1996). The ‘sparsity of effects principle’ states 
that, in general, only a few of the effects in a factorial experiment will be active. It is 
sometimes called the ‘pareto principle in experimental design’ (Li et al., 2006). The 
‘hierarchy principle’ states that lower order effects are more likely to be important 
than higher order effects (Wu & Hamada, 2000). Finally, the ‘heredity principle’ 
which sometimes is referred to as ‘inheritance’ implies that in order for an 
interaction to be active at least one of its parent factors should be active as well (Li et 
al., 2006). In Paper C, the relevance of these principles and the effect of a-priori 
knowledge on analysis sensitivity of unreplicated experiments are investigated. 
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2.3 Multivariate analysis 
Multivariate analysis refers to all statistical methods that simultaneously analyze 
multiple measurements on an object (Hair et al., 1998). Typically, an analysis of 
more than two variables simultaneously can be considered multivariate. Today, it is 
common for industries to have to deal with large amounts of measurement data, 
such as temperatures, pressures and physical properties, which often are logged on-
line (Yang, 2004). In a situation with many cross-correlated variables to analyze, a 
one-variable-at-a-time approach to analysis is often ineffective, inefficient, and can 
contribute to the drawing of wrong conclusions. In fact, MacGregor (1997) argues 
that interpreting results from a univariate approach to analysis under the presence of 
correlation among response variables is analogous to the inferior ‘one-factor-at-a-
time approach’ to experiments under the presence of interactions; Daniel (1959) also 
makes this point.  

The field of multivariate analysis incorporates many techniques which are not all 
elaborated here. In this thesis, multivariate analysis of variance (MANOVA), 
principal component analysis (PCA), and projections to latent structures by means of 
partial least squares (PLS) will be briefly described as these techniques are referred to 
later. PCA and PLS reduces the dimensionality of the data by projecting the 
information in the data into low-dimensional spaces defined by a small number of 
latent variables (Kourti et al., 1996). 

2.3.1 Principal component analysis 
The aim of PCA is often data reduction and interpretation, but can also be aimed to 
detect outliers among other things (Wold et al., 1987). PCA is used to explain the 
variance-covariance structure of a number of variables by constructing linear 
combinations of these original variables to form principal components (Johnson & 
Wichern, 2002). The description of PCA presented below, and more details, can be 
found in Johnson & Wichern (2002, pp. 426-449) if not otherwise stated. 
Algebraically, the principal components [ ]pYYY K,, 21=′Y  are formed as linear 

combinations of the original variables [ ]pXXX K,, 21=′X 3 which have covariance 
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The linear combinations represents the selection of a ‘new’ coordinate system 
obtained by rotating the original system with X1, X2, …Xp as the coordinate axes. 

                                        
3 Note here that the symbol Yi is used to represents the new variable (principal component) formed as a linear 
combination of the original variables Xi. The use of Y and X in this case should not be confused with (and 
limited to) the previous use of Y to denote response variables and X to denote experimental factors. In fact, in 
Paper B, response variables from experiments are used as ‘original variables’ in the application of PCA. 
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The new axes (principal components) represent the directions with maximum 
variability and provide a simpler and more parsimonious description of the 
covariance structure. The principal components are uncorrelated and the first 
principal component is the linear combination with the largest variance, the second 
principal component has the second-largest variance and so forth.  

The principal components are calculated from eigenvectors to the covariance matrix 
∑  (or from the correlation matrix if the original variables are standardized during 
analysis). Variables should typically be standardized if they are measured on scales 
with widely differing ranges. 

To interpret the result from the principal component analysis, principal component 
score plots and loading plots are helpful, see Eriksson et al. (2006). Score plots are 
formed by plotting the observations’ scores on the new principal components, for 
example Y1 versus Y2 in equation 2.1. In addition, the loadings ( iia  in equation 2.1) 
of each original variable in the new principal component can be used to interpret 
the principal components as well as the correlation structure among the original 
variables. More details on the interpretation of score and loading plots can be found 
in Eriksson et al. (2006, pp. 48-52). 

2.3.2 MANOVA 
MANOVA can be described as the multivariate extension of ANOVA. MANOVA 
is used for making comparisons among mean vectors arranged according to 
treatment levels (Johnson & Wichern, 2002). The comparison can therefore be 
made for several response variables simultaneously instead for making separate 
ANOVAs for each response variable. If there are many response variables to be 
analyzed, it is recommended to start with a MANOVA to see if there are significant 
differences within the group of response variables. Individual ANOVAs can then be 
used to see the treatment effects on individual responses.  

Similar to ANOVA, MANOVA partitions the total variation into components 
attributable to the treatment sources and to error. In this thesis, MANOVA is 
referred to in the results from Paper B, where it is used to make a simultaneous 
comparison of treatment effects on averages of principal component scores and then 
followed by individual ANOVAs for each principal component. The ‘two-way 
MANOVA’ is used in Paper B since interaction effects were also considered. More 
details on the two-way MANOVA can be found in Johnson & Wichern (2002, pp. 
307-317).  

2.3.2 PLS 
Eriksson et al. (2006) describes PLS as a regression extension of PCA with the aim to 
connect two data matrices (X and Y) to each other, see Figure 2.4. 
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Figure 2.4 General description of the PLS technique. It ties two data matrices together by using a 
set of predictors to explain a set of responses. The figure is adapted from Eriksson et al. (2006, p. 
64).  

While PCA is a maximum variance least square projection of X, PLS is a maximum 
covariance model of the relationship between X and Y (Eriksson et al., 2006). For 
more details about the mathematics behind the PLS technique, the reader is referred 
to, for example, Eriksson et al. (2006) or Höskuldsson (1988).  

2.4 Continuous type processes in industry 
According to Rajaram & Robotis (2004), continuous flow production processes can 
be found in many manufacturing industries. Continuous processes are frequently 
found in the process industry where production often is either continuous or batch 
production (Fransoo & Rutten, 1994; Dennis & Meredith, 2000; Kallrath, 2002). 
The process industries include branches such as the oil, steel, paper, chemical, 
rubber and food industries (Fransoo & Rutten, 1994). In continuous processes, the 
product gradually and with minimal interruptions passes through a series of different 
operations and exhibits characteristics such as liquids, powders, slurries and other 
non-discrete states (Fransoo & Rutten, 1994; Dennis & Meredith, 2000). 

Manufacturing processes in continuous processes often include mixing, separating, 
forming and chemical reactions of non-discrete materials (Fransoo & Rutten, 1994). 
Often, these types of process steps require large installations, which usually mean 
major capital investments to produce large volumes of well-established products 
using conventional and tested technology (Rajaram & Robotis, 2004). Typically, 
the processes are hard to control, which leads to variable yield and reflux flows of 
material (Fransoo & Rutten, 1994). Furthermore, raw materials to the process 
industries often come from mining and agricultural industries and this means that the 
materials are often afflicted with natural variations (Fransoo & Rutten, 1994). 

In industrial experimentation, Response Surface Methodology, which is an 
important part of the DoE field, has been widely used in process industry (Myers et 
al., 2004). Response Surface Methodology originates from the work of Box & 
Wilson (1951), which was focused on the chemical industries and the methodology 
uses smaller sequential experiments to attain optimal conditions for products and 
processes.  

Another area within DoE that has been developed for the process industries is the 
‘Evolutionary Operation’ procedure introduced by George Box as a method for 
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continuous monitoring and improvement of a full-scale process, see Box (1957). 
The Evolutionary Operation procedure typically uses a k2  design to introduce small 
changes in the levels of process variables and then runs a number of cycles of the 
design to investigate the significance of the effects (Myers & Montgomery, 2002). 
However, in order for the process to be suitable for the Evolutionary Operation 
procedure, it should involve high volume production over a reasonable extensive 
time period and the process also needs to stabilize rapidly after a process change 
(Hahn & Dershowitz, 1974). 

2.4.1 Challenges for experiments in continuous processes 
Only three references, with focus on experimental challenges in continuous 
processes, were found during literature searches: Hild et al. (2000), Saunders et al. 
(1995) and Saunders & Eccleston (1992). However, in this section challenges and 
complicating issues, that can be expected when performing experiments in 
continuous processes, are still outlined. The section also provides relevant references 
to work from connected areas that further describe such issues.  

In continuous processes, the propagation of a disturbance (for instance when 
changing an experimental factor) can take time which can lead to requirements of 
prolonged experimental runs compared to experiments in non-continuous 
production (Saunders & Eccleston, 1992). This time is needed for the effect of the 
change to reach full impact in the process. Preferably, the process should reach a 
new steady-state condition before the effect of the change is measured. Black-
Nembhard & Valverde-Ventura (2003) differentiates between a ‘dynamic’ and 
‘responsive’ system. In a dynamic system a period of delay will occur between the 
time that X is changed and the time that this change is realized in the output Y, 
while this change in Y is immediate in a responsive system (Black-Nembhard & 
Valverde-Ventura, 2003).  The time needed for the change in X to reach full impact 
in the process can also depend on which factor (X) that is changed and how large 
the change is. Draper & Stoneman (1968) make the point that it, in some situations, 
can be desirable to keep the number of level changes at a minimum, since the time 
required for apparatus to return steady-state after changes can be considerable and 
depend on the number of factors that are changed. Another problem highlighted by 
Pan et al. (2004) is that many continuous processes are non-stationary and thus the 
steady-state assumption is often not reasonable for industrial data.   

According to Hild et al. (2000), it is often not recommended to use bold levels of 
experimental factors in a continuous process as even small changes in factors can be 
exaggerated to unacceptable effects on the processing state as well as cause unwanted 
disruptions. This is in contrast to discrete processes where it is common to use larger 
changes of experimental factor levels. The small changes in factor levels are also an 
explanation why, for example, the Evolutionary Operation procedure usually 
requires several cycles before the effects can be found significant. Thus, if the factor 
changes are small, smaller effects can be expected, and these can be hard to detect in 
a noisy process.  
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Further, according to Hild et al. (2000), not all process variables are independent 
from one another. The many inter-relationships limit which experimental factors 
and how many that can be manipulated in an experiment. Another obstacle for the 
experimenter is that data from continuous processes often are dominated by frequent 
on-line logging of process variables while the measurements of product 
characteristics usually are made less frequently and by off-line analysis (Hild et al., 
2000). Therefore, the cause and effect relation between processing conditions and 
product characteristics can be hard to establish.  

The frequent logging of certain process variables can also cause a high degree of 
autocorrelation in response data (Saunders et al., 1995) which can cause problems 
during analysis. It is possible to remove time-dependence of measurements by 
increasing the sampling interval until there is no correlation between adjacent 
measurements, but this a costly strategy as the experiment is prolonged (Meyer & 
Napier-Munn, 1999). Meyer & Napier-Munn (1999) and Cheng & Steinberg 
(1991) instead recommend changing the factor levels as frequently as possible to 
make the design robust against time-dependence in data. Meyer & Napier-Munn 
(1999) also recommend that the sampling intervals should be as small as possible, but 
not smaller than the time it takes for the process to reach a new equilibrium state. 
Since good designs for time-dependent (autocorrelated) processes have a large 
number of level changes they may be costly to implement (Martin et al., 1998). The 
experimenter therefore may need to balance optimal designs against practical and 
cost issues, for example, the time required for the process to return to steady-state 
after a change is made.    

In continuous processes, measured responses are typically not independent since a 
few underlying events often drive the process at any time. Hence, several of the 
measurements on process variables are different reflections of the same underlying 
event (Kourti & MacGregor, 1995; Kourti et al., 1996). The experimenter in a 
continuous process must therefore consider that response variables are inter-
connected, that is, a change in one variable often affects several other variables. 
Shifts in the processing state may be visible in multivariate representations but may, 
due to normal variation, not deviate significantly in univariate plots (Hild et al., 
2000). Therefore, examining such responses one at a time makes interpretation 
difficult (Kourti & MacGregor, 1995).  

Kourti (2005), Duchesne & MacGregor (2000) and Wikström et al. (1998a,b) 
highlight this problem area and provide examples of how multivariate statistical 
techniques can be used for process control and monitoring applications for 
continuous and batch processes. Examples of such techniques are latent variable 
techniques such as PCA and PLS. 

Sometimes autonomous and automatic control systems are working to create process 
stability, which can counteract deliberate changes of X-factors. This can lead to that 
process responses are not directly visible as changes in response variables (Y) but 
instead as changes in other X-factors, see Hild et al. (2000). 
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3. METHODOLOGY 
his chapter describes the methodological choices during the research. After an 
introduction, the author’s preunderstanding is described followed by a discussion of the 

research purpose, the research approach and the research strategies of the two studies in this 
thesis. Data collection and analysis in the two studies are then presented. Finally, research 
quality is discussed.   

3.1 Introduction 
The research presented in this thesis can be partitioned into two studies. The focuses 
of the two studies are described briefly below, and the rest of the chapter is arranged 
to describe the methodological choices in each study. 

The first study took place between November 2005 and October 2007, when the 
author was involved in the project ‘Experimental strategies for Experimental Blast 
Furnace’ (hereafter the EBF project). This project came about since engineers at the 
LKAB EBF plant had expressed an interest in improving their experimental work 
and they were also interested in testing factorial designs in the EBF. Most of the 
research presented in this thesis was conducted within the EBF project and it was 
run as collaboration between LKAB and the author and his supervisors.  

The second study was performed during 2006, in parallel to the EBF project, where 
the author became involved with an ongoing study started by the co-author of 
Paper C. The second study was focused on exploring how a-priori process 
knowledge could be used to increase the analysis sensitivity of unreplicated 
experiments. The focus of the research in the two studies and their connections to 
the appended papers are presented in Figure 3.1. 

• to explore the potential of using factorial designs in a continuous 
process and describe the experience from this work.

• to develop an effective analysis procedure for designed 
experiments in a continuous process.

• to explore how a-priori process knowledge can be used to increase 
the analysis sensitivity for unreplicated experiments.

STUDY 1
The EBF project STUDY 2

Paper
A

Paper
B

Paper
C

The focus of the research:

 
Figure 3.1 The focus of the two studies in the research and their connection to the appended 
papers.  

T 
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3.2 From preunderstanding to understanding 
The researcher’s preunderstanding refers to knowledge and experience that the 
researcher has before engaging in the research project. According to Gummesson 
(2000), preunderstanding can have both positive and negative effects on research 
results. A positive effect of preunderstanding is that the researcher can move faster in 
the research process, since basic information gathering can be skipped. A negative 
effect of ‘blocked preunderstanding’ can be that the results of the research become 
biased by the researchers’ unwillingness to retest their preunderstanding 
(Gummesson, 2000). Since the research in this thesis includes action research 
elements (discussed in Section 3.6), the author’s preunderstanding becomes 
important (Coughlan & Coghlan, 2002). Therefore, the author’s knowledge and 
prior experience of the thesis subject is briefly described below.  

Before starting the research, the author had a preunderstanding of the DoE field. 
This understanding can be explained as a general theoretical knowledge about 
methods and tools within the DoE field that had been acquired by taking university 
courses, reading DoE literature, and later from teaching DoE courses at the 
university. These courses provided the author with experience of planning, 
conducting and analyzing experiments, although in a small scale. The 
preunderstanding of industrial experimentation came primarily from books and 
articles addressing DoE issues in industry. The author’s preunderstanding of 
continuous processes and process industry should be considered limited, and 
nonexistent when it comes to experimentation in continuous processes.  

The approach of the author during the research process has therefore been to try to 
be as open as possible for experimental challenges that are highlighted when 
applying DoE methods and tools in a continuous process setting. The road from 
preunderstanding to understanding in this research is illustrated in Figure 3.2. 

PreunderstandingPreunderstanding

Intermediaries:
DoE textbooks, 
articles, lectures, etc.

Intermediaries:
DoE textbooks, 
articles, lectures, etc.

Experience of othersExperience of others

Personal experience:
• Planning, conducting 
and analyzing 
experiments.

• Teaching DoE.

Personal experience:
• Planning, conducting 
and analyzing 
experiments.

• Teaching DoE.

Personal inquiry:
• Study 1
• Study 2

Personal inquiry:
• Study 1
• Study 2

Study of literature
In connection to the 
two studies.

Study of literature
In connection to the 
two studies.

UnderstandingUnderstanding

Start of research

Discussions
• Supervisors
• Colleagues

Discussions
• Supervisors
• Colleagues

 
Figure 3.2 The road from preunderstanding to understanding in this research. The figure is 
inspired by Gummesson (2000, p. 67 & p. 71).  
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3.3 Research purpose 
Zikmund (2000) argues that research can be classified on the basis of its purpose. 
These can be to explore, describe or explain the phenomenon under study. Marshall 
& Rossman (2006) describe how different research purposes are connected to these 
categories, see Table 3.1.  

Table 3.1 Three categories of research purposes, adapted from Marshall & Rossman (2006, p. 
34).  

Exploratory Descriptive Explanatory 

To investigate little-understood 
phenomena 

To identify or discover important 
categories of meaning 

To generate hypotheses for 
further research 

To document and describe the 
phenomenon of interest 

To explain the patterns related 
to the phenomenon in question 

To identify plausible 
relationships shaping the 
phenomenon 

According to Marshall & Rossman (2006), exploratory and descriptive studies build 
rich descriptions of complex circumstances that are unexplored in literature, while 
explanatory studies show relationships between events and the meaning of the 
events. In the light of this, the focus of the research described in this thesis is to 
explore the potential of using factorial designs in a continuous process and describe the 
experience from this work. As such, the purpose is to study and document a little-
understood phenomenon. Further, developing an effective analysis procedure for 
designed experiments in a continuous process can be classified as having an 
exploratory purpose since it partly generates an analysis process to be tested in future 
research. Last, the purpose of the research is also to explore how a-priori process 
knowledge can be used to increase the analysis sensitivity for unreplicated 
experiments.  

3.4 Research approach 
An important element of the research approach is how the study will be performed. 
A distinction is often made between induction and deduction. An inductive 
approach tries to construct a general rule from a specific case while deduction 
departs from a general rule to try to explain a specific case (Molander, 1988). 
Alvesson & Sköldberg (1994) argue that in an abductive approach the analysis of 
empirical data can very well be preceded or combined with the study of literature 
(theory). 

The two studies in this research provided a deeper understanding of industrial 
experiments in a continuous process and the effect of a-priori knowledge on analysis 
sensitivity. However, both studies started with the author having a pre-
understanding of the DoE area. During the EBF project (Study 1), literature and 
empirical data have been iteratively approached and successively been reinterpreted 
in the light of the other. This was done to create a deeper understanding of 
experiments in continuous processes. Hence, Study 1 was run much in accordance 
with the abductive approach; see Figure 3.3.  
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Study 2 was run more in line with deduction as it can be described to test a 
hypothesis, derived from literature, about the positive effect of a-priori knowledge 
on analysis sensitivity of unreplicated experiments. 

THEORY

EMPIRICAL
DATA

Deduction Induction Abduction The approach in Study 1

Pre-understanding

 
Figure 3.3 Deduction, induction and abduction according to Alvesson & Sköldberg (1994, p. 45) 
and the approach in Study 1 of this research. The Figure is inspired by Söderholm (2005).   

3.5 Research strategy 
The research strategy provides a framework for the collection and analysis of data 
(Bryman, 2001). Yin (2003) identifies five different strategies: experiment; survey; 
archival analysis; history; and case study. The choices of research strategies in the 
two studies are discussed below.  

In study 1, a single case study strategy was selected. The industrial case (the EBF) is 
described in more detail in Chapter 4. A single case study was judged to be the best 
strategy since the EBF project provided the opportunity to closely follow the 
experimental work in a continuous process, that was specifically designed for 
experimental purposes. It could therefore be argued to be a unique case, and hence 
be a reason for choosing a single case study, see Yin (2003). The weakness in this 
choice is the problems encountered in trying to generalize the results of the single 
case to all continuous processes. Instead of statistical generalization, analytic 
generalization should be used for case study results (Yin, 2003). That is, empirical 
results from the case study are compared to previous theory in the DoE field. 

Furthermore, within the boundary of the case study, separate experiments were also 
performed in the EBF project. The case study in this research also included large 
elements of action research. This means that the author participated in, for example, 
the planning and the analysis of experiments within the case study. According to 
Shani & Pasmore (1985), action research is as an emergent inquiry process where 
the knowledge of the researcher is integrated with the knowledge of the 
organization to solve real business problems. The process is undertaken in a spirit of 
collaboration and co-inquiry and aims to stimulate change in organizations, develop 
self-help competencies, and to add to scientific knowledge (Shani & Pasmore, 
1985). Whether action research is a research strategy by itself or not is not obvious 
in the literature. However, the author of this thesis agrees with Gummesson (2000, 
p. 116) who states that “action research is the most demanding and far-reaching 
method of doing case study research.”  

In Study 2, the chosen strategy can be described as a combination of an experiment 
and a literature survey. This strategy made it possible to test a hypothesis, about the 
positive effect of a-priori knowledge on analysis sensitivity of unreplicated 
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experiments, by an experiment. At the same time, the literature survey provided 
important input to the construction of the experiment. 

3.6 Study 1, the EBF case study 
In the action research approach in performing a case study, all data-generating 
methods can be used, both qualitative and quantitative methods (Gummesson, 
2000). In Study 1, sources used during data collection have been documentation, 
interviews and direct and participant observations which are all common sources of 
evidence in case studies, see Yin (2003). However, conducting experiments and 
doing data analysis of process data within the case study have also been important 
sources of evidence. These are examples of formal mechanisms for data generation. 
As such, the EBF case study uses a combination of quantitative and qualitative 
methods. Rudestam & Newton (2001, p. 45) state that this combination approach 
“combines the rigor and precision of experimental design (or quasi-experimental) 
designs with the depth and understanding of qualitative methods and data.”  

In addition, data were also generated through the action research process itself, such 
as interventions that are made to advance the project and peoples’ reactions to these 
interventions (Coughlan & Coghlan, 2002). More specific steps of data collection 
and analysis within the case study are presented below. 

3.6.1 Data collection 
To guide the reader, Figure 3.4 provides an overview of the EBF case study and the 
activities, within which, the data collection took place. 

Start
of study

Interviews with 
engineers at

the LKAB-EBF

Pilot test: Planning 
and conducting a

22 factorial
experiment in the EBF

Planning and 
conducting a 3x2 

factorial experiment
In the EBF

Developing a new planning  
documentation template
to be used at the EBF

Evaluation of 
pilot test and

learning
period

Analysis of the 3x2
factorial experiment. 

Development of
an analysis procedure.

Testing the analysis 
procedure on data 

from other
experiments.

November
2005

February
2006

May-August
2006

November 2006-
February 2007

March-April
2006

September-October
2006

March-May
2007

Summarizing experiences
from the EBF case

study.

June-August
2007  

Figure 3.4 An overview of the main data collection activities within the EBF case study.  
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Interviews with EBF engineers 

At the start of the case study, interviews were performed to find a base and starting 
point on which to build further research activities. The interviews were made to 
create an understanding of how EBF engineers, at the starting point of the research 
project, were planning, conducting, and analyzing experiments conducted in the 
EBF. Therefore, five engineers (a substantial part of all people involved in planning 
experiments) were interviewed.   

Interviews can be structured (highly standardized) and unstructured (informal), see 
Denzin and Lincoln (2000) and Merriam (1998). The interviews in the case study 
were semistructured since the structure provided by a list of questions (see Appendix 
for the interview guide) was desirable, but at the same time most questions were 
open-ended to make it possible for the respondents to elaborate and explain specific 
matters concerning the EBF process. See Merriam (1998, pp. 72-75) for more 
details on semistructured interviews.  

The interview process followed a modified form of the seven stage process 
recommended by Kvale (1997). See Table 3.2 for the seven steps and the main 
activities in the interview process. 

Table 3.2 The seven stage interview process followed by the author. The steps of the interview 
process were inspired by Kvale (1997, p. 85).  

Step Explanation 

1. The purpose Establishing the purpose with the interviews. See the text above for the purpose. 

2. Planning the 
following stages 

Five engineers were chosen as respondents and an interview guide with 
questions, concerning planning, conducing and analyzing experiments in the EBF, 
was created. The guide included 61 questions with more follow up questions to be 
asked if necessary (see Appendix). 

3. Conducting the 
interviews 

The interviews were held at LKAB during January and February of 2006 and each 
interview lasted for 2-3 hours. The conversation was recorded for later analysis. 

4. Transcription Summaries of the respondents’ answers to each question were transcribed and e-
mailed to the respondents for proofreading. 

5. Analysis The analysis of the interviews was made by the author and the co-author of Paper 
A using the transcriptions of the interviews. In a first analysis step, the 
transcriptions were read by each co-author and interesting findings in the 
transcriptions were commented on. Our comments and interpretations were then 
compared and discussed and summarized to form a common view of what the 
conclusions were. 

6. Verification Before finishing the final interview report (step 7), the respondents were given a 
chance to alter or correct their statements or the interpretations of their answers. 

7. Report Finally, a feedback report containing a summary of the respondents’ answers as 
well as our analysis of these answers was written and distributed to LKAB. The 
respondents, again, had the chance to correct or clarify any misinterpretations. 
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Pilot test of factorial experiments in the EBF and planning documentation 

With the understanding created from the interviews, the next activity in the case 
study was to, in collaboration with the EBF engineers, plan, conduct and analyze a 
factorial experiment in the EBF. The purpose with this experiment was to 
investigate the potential of using factorial experiments as experimental designs in the 
EBF. The design, analysis and results of this experiment are not elaborated at any 
length in this thesis. However, the experiment was a 22  factorial design with center 
points, testing two experimental factors (process variables): ‘blast volume’ and 
‘moisture content of blast air.’ The experiment required seven days of operation in 
the EBF, and used 24 hours for each run. 

One of the conclusions from the interview study and from the experience of 
running a factorial experiment in the EBF was that there was a need for a structured 
way of planning experiments in the EBF. Hence, an effort to create a new and more 
structured planning documentation was made. This documentation was developed 
in collaboration with the EBF engineers and by studying literature. Further 
refinement of the document came from using it to plan upcoming experiments in 
the EBF. 

The 3x2 factorial experiment in the EBF 

The results from the pilot test of factorial designs in the EBF showed promising 
potential but also raised new questions that needed to be discussed during the 
‘learning period’ (see Figure 3.4). What was, for example, the minimum length 
required for a factorial run in the EBF? As a result, a new and more complex 
factorial experiment was planned and conducted in October of 2006. This time 
experiences from the previous experiment were used in the planning phase. 
Furthermore, after this second experiment, the experience of working with the new 
planning documentation was evaluated and flaws in the documentation were 
corrected to produce a template for further use at LKAB. 

The design, conduction and analysis of the 3x2 factorial experiment are described in 
Paper B and is therefore not elaborated here. 

Developing an analysis procedure for experiments in the EBF. 

The period from November 2006 to May 2007 was spent reflecting over the 
experiences from the two experiments in the EBF plant as well as developing an 
analysis procedure for experiments in the EBF. The development of the analysis 
procedure was done in close collaboration with engineers at the EBF and the 
procedure was also tested on other data except the two experiments. During this 
period, Paper A and Paper B were written. 

Finally, the experiences from the EBF case study was summarized by producing a 
feedback report to LKAB with recommendations for future use of factorial 
experiments in the EBF. 
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Other forms of data collection 

As the EBF case study has been run in close collaboration between the author, his 
supervisors, and the EBF engineers, data have also been collected by, for example, 
observations, participation and discussions in the various choices and activities 
within the case study. Often, these kinds of data were documented in protocols 
from monthly project meetings. The protocols can be viewed, after consideration of 
possible secrecy issues, by contacting the author of this thesis. The project meetings 
were used to discuss practical issues but also to discuss and decide future research 
activities. The project meetings were also used to present and discuss emerging 
results. The many different sources of evidence in the EBF case study makes data 
triangulation possible, see Yin (2003), which can be considered a strength of the 
study.  

3.6.2 Data analysis 
The data from the case study were analyzed on two main levels. First, on a lower 
level, many activities in the case study demanded separate analyses to move the EBF 
case study forward, for example, the interviews, the different experiments and the 
analysis of process data that were performed within the case study. The experiments 
were analyzed by using established analysis methods for factorial designs, such as 
ANOVA. Multivariate statistical tools like PCA and PLS were also used to analyze 
the data from the EBF process. The analysis of the interviews with the EBF 
engineers (described above) is another example of a separate analysis within the case. 
It is, however, not possible to give a complete description of the many separate 
analysis activities within the EBF case study.  

Second, on a summarizing level of the case, the separate analyses successively 
provided more knowledge about specific phenomena within the case and 
contributed to the understanding of the use of factorial designs in continuous 
processes and what type of analysis procedure that was needed. As such, it can be 
described as an iterative process where previous empirical results in the case study 
were either strengthened or overthrown in the light of the new results within the 
case. Discussions between the author and his supervisors as well as with EBF 
engineers at both informal and formal project meetings have been an important part 
of the analysis process. These discussions were also a way to validate the conclusions. 
In addition, the literature study was run as a parallel process during the whole case 
study. Specific questions during the study have intensified the literature search 
concerning specific subject matter areas.  

On the summarized level, the analysis of the case study results can be viewed as a 
continuous process of comparing empirical evidence against the theoretical 
framework by reflection and drawing of rational conclusions. As such, it is possible 
to describe the analysis of the case study as a form of pattern matching, see Yin 
(2003). The EBF case study also includes large elements of action research. In action 
research, reflection is the activity that integrates action and research and the theory 
generated is incremental and situation specific (Coughlan & Coghlan, 2002).  
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Further, Coughlan & Coghlan (2002, p. 236) states that “action research generates 
emergent theory, in which the theory develops from a synthesis of that which 
emerges from the data and that which emerges from the use in practice of the body 
of theory which informed the intervention and research intention.” 

3.7 Study 2, data collection and analysis 
In 2006, parallel to the EBF case study, the author together with Bjarne Bergquist 
conducted a study of how a-priori information affected analysis sensitivity when 
using normal probability plots for analyzing unreplicated experiments.  

3.7.1 Data collection 
In study 2, the data collection was made in two phases, namely a metastudy of 
experiments in literature as well as a classroom experiment, see Figure 3.5. 

 

1. Metastudy of experiments
The principles of sparsity,

hierarchy and heredity were
studied in 32 experiments

found in literature.

2. Classroom experiment
Testing the power and usefulness

of the principles of sparsity, heredity
and hierarchy as well as a-priori 

knowledge.
 

Figure 3.5 The two main steps of data collection in study 2, a metastudy of experiments found in 
literature followed by a classroom experiment.  

The metastudy of experiments 

First, a literature survey was performed to determine how often different types of 
effects were found active and to what extent the classifying principles (sparsity, 
heredity and hierarchy) did hold true. Experiments in literature were located by 
using database searches with search strings such as “full factorial” and “Design of 
Experiments.” Of the located experiments, only those where hard or electronic 
copies, including experimental data, could be easily located were initially gathered. 
The experiments also needed to be transparent enough so the described experiments 
and analyses could be understood. Experiments that had unclear or questionable 
analysis methods were usually disregarded, although some experiments were 
transparent enough to be reanalyzed. In total, this left 23 studies selected from 
research papers and DoE textbooks. When several responses were tested in a study, 
all responses were included and treated as individual experiments, rendering 32 
different experiments for analysis. The studied experiments tested effects or contrasts 
related to 164 main factors, 326 two-factor interactions as well as 97 three-factor 
interactions in total. 

Classroom experiment 

In the following step, to test the power and usefulness of the principles of sparsity, 
heredity and hierarchy as well as a-priori knowledge, an experiment was set up 
simulating these principles. The experiment was also intended to evaluate the 
strength of normal probability plotting. Therefore, contrasts of sizes 0.5, 1, 1.5, and 
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Contrastσ2  were used as these were small enough to be missed by most other methods. 
The results regarding sparsity, hierarchy and heredity, from the literature survey, 
were used to simulate active effects in fake experiments using Matlab 7.0.1 software 
package and the effect estimates were plotted in normal probability plots to be used 
for the classroom experiment. A group of engineering students participating in a 
Design of Experiments course were selected as respondents, as they were considered 
having the skills necessary for using these plots.  

The experiment was conducted during an extra lecture, and the students received 
additional tutoring about experimental analysis by use of normal probability plots. 
The students were told that the purpose of the experiment was to investigate what 
type of information could be useful to increase the strength of the analysis method. 
Twenty-four voluntary students attended the lecture, which started with a quick 
briefing of the basis for detecting active effects in general and using normal 
probability plots in particular. After the briefing, the students were given the 
information that results from eight simulated 42  full factorial experiments, with one 
to four active effects in each experiment, had been plotted in eight normal 
probability plots. 

The students were also informed that experiments of this type often contain 
between one and four active effects, that these plots were simulated to include 
between one and four active effects, but that the simulated effects were small 
compared to noise, with expected means between 0.5 up to 2 standard deviations of 
the inert effects, and that the active effects also contained random noise. The 
students were then given the task of classifying effects of eight experiments without 
further knowledge of the effects connected with each dot. After classifying the 
effects of the eight plots without identification markers, the results from the 
literature survey regarding hierarchy and heredity were presented to the students. 
They were also told that the simulations had been made using the same criteria. The 
students were then given eight new normal probability plots. This time, however, 
the location of main effects and two factor interactions were indicated. 

After the second set of plots, eight final simulations were presented to the students. 
The plots included markers for main effects and for two-factor interactions. In 
addition, the students were now informed that prior knowledge of the process had 
shown that if indeed main factors A and B were active they had to be positive, 
whereas if C and D were active they had to be negative. Finally, the students’ 
response forms were collected and separated into the three groups related to the 
information given and marked using the same methods.  

3.7.2 Data analysis 
The metastudy of experiments 

The analysis of the metastudy was made by calculating the rate of active main 
effects, two-factor interactions and three-factor interactions for all experiments. The 
rate of active effects including all experiments, full factorials only, or fractional 
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factorials only, were analyzed to draw conclusions about the sparsity of effects 
principle. 

To investigate the relevance of the hierarchy principle, the number of times a main 
effect, a two-factor interaction, or a three-factor interaction was of largest, second-
largest and third-largest magnitude were counted and analyzed. 

To draw conclusions about the heredity principle, the active two-factor interactions 
were studied more closely. In the study, the strength of heredity was defined at 
three levels. To exhibit ‘strong heredity’, both main effects (belonging to the two-
factor interaction) should be selected as active on their own merits. For ‘weak 
heredity’, one of the two factors should be active on its own merits. To exhibit ‘no 
heredity’, neither of the two main factors making up the two-factor interaction 
should be active. The number of times strong, weak, or no heredity was found 
among the two-factor interactions were then counted. 

The classroom experiment 

The students’ response forms were studied and errors, where the students had made 
obvious classification mistakes (such as declaring a two-factor interaction effect close 
to zero active, while not classifying a much larger main effect active), were noted. 
Forms consisting of eight plots without obvious mistakes were separated into one 
subgroup; forms with only one misclassification made up a second subgroup and 
forms with two or more misclassifications were put in third and last subgroup. The 
classification results were then analyzed by calculating the rate of correctly classified 
contrasts. The effect of prior knowledge and magnitude of the contrast on the rate 
of correctly classified contrasts was then studied.  

3.8 Research quality 
Important criteria for assessing the quality of research are validity, reliability and 
replication (Bryman, 2001). Somewhat simplified, these three concepts are explained 
in Figure 3.6. 

Research qualityResearch quality

Validity concerns 
the integrity of the 
conclusions 
generated from the 
research. That is, 
do we measure 
what we intended to 
measure?

Validity concerns 
the integrity of the 
conclusions 
generated from the 
research. That is, 
do we measure 
what we intended to 
measure?

Reliability
concerns the 
question if the 
results of a study 
are repeatable. That 
is, can the results 
be considered 
stable?

Reliability
concerns the 
question if the 
results of a study 
are repeatable. That 
is, can the results 
be considered 
stable?

In order for 
replication to take 
place, the study 
needs to be 
replicable. This 
criteria is closely 
connected to 
reliability.

In order for 
replication to take 
place, the study 
needs to be 
replicable. This 
criteria is closely 
connected to 
reliability.  

Figure 3.6 Three important criteria for evaluating the quality of research. The figure is inspired 
by the explanations of the concepts in Bryman (2001).  

A further division of the validity concept for empirical research is provided by Yin 
(2003), who divides the concept into construct validity, internal validity and 
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external validity. A similar division is made by Bryman (2001). The three classes of 
validity are briefly explained in Table 3.3 below. 

Table 3.3 A short explanation of the different classes of validity. Sources: Yin (2003) and Bryman 
(2001).  

Type of validity Explanation 

Construct validity Construct validity evaluates whether correct operational measures have been 
constructed to study the concepts that is supposed to be studied. 

Internal validity This form of validity applies to explanatory and causal studies only. It evaluates 
the question if a conclusion that incorporates a causal relationship between two 
or more variables holds or if it can depend on spurious relationships. 

External validity Establishes the domain to which a study’s results can be generalized. 

3.8.1 Validity and reliability of Study 1 
Yin (2003) describes tactics that can be used in a case study approach to secure 
research quality. Table 3.4 presents these tactics and also displays the tactics used in 
the EBF case study. 

Table 3.4 Case study tactics to strengthen the validity and reliability of a case study. Adapted 
from Yin (2003, p. 34).  

Tests Case study tactic When tactic occurs Used in the EBF 
case study 

Construct 
validity 

• Use multiple sources of evidence 
• Establish chain of evidence 
• Have key informants review draft 
case study reports 

• data collection 
• data collection 
• data composition 

• yes 
• no 
• yes 

Internal 
validity 

• Pattern matching 
• Explanation building 
• Address rival explanations 
• Use logic models 

• data analysis 
• data analysis 
• data analysis 
• data analysis 

• yes 
• no 
• no 
• no 

External 
validity 

• Use theory in single-case studies 
• Use replication logic in multiple-case 
studies 

• research design 
• research design 

• yes 
• no 

Reliability • Use case study protocol 
• Develop case study database 

• data collection 
• data collection 

• yes 
• yes 

To strengthen the validity of the conclusions from the EBF case study, multiple 
sources of evidence (or ‘data triangulation’) were used during data collection. Also 
by producing separate reports within the case study and continuously discussing the 
results with key informants at the EBF plant, the validity of results were 
strengthened. However, due to the collaborative nature of the EBF case study, it 
was hard to maintain a clear chain of evidence even though all important decisions 
within the case study were documented in protocols from project meetings. The 
research strategy of Study 1 is defined as a case study including large elements of 
action research. According to Coughlan & Coghlan (2002), the principal threat to 
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the validity of the results produced by action research is the possible lack of 
impartiality by the researcher. By describing the preunderstanding of the present 
author, the reader is given a chance to assess the possible bias in the results.   

Since the EBF case study has exploratory and descriptive purposes (not explanative), 
discussing internal validity is not relevant. 

The weakness of a single case study approach is that it typically provides poor basis 
for generalization, or in other words, poor external validity (Yin, 2003). However, 
case study research relies on analytical generalization which tries to generalize the 
results to broader theory. In the EBF case study, the results from planning, 
conducting and analyzing experiments in continuous processes are analytically 
generalized to DoE theory. Analytical generalization is hence used to increase the 
external validity of the results. In addition, theory has also been used to guide 
decisions concerning data collection activities within the case study. 

A challenge in case study research is to produce reliable results, or more specifically, 
results that can be repeated (Yin, 2003). In the EBF case study, most decisions and 
data collection activities were recorded in protocols from meetings and stored in a 
database. Strict documentation of activities within the EBF case study has thus been 
used to increase the reliability. However, according to the author, a weakness of the 
EBF case study is its lack of replicability. It is difficult to replicate the case study 
because of the large elements of action research, the collaborative nature of data 
collection within the study, and the distinctiveness of the EBF setting.     

According to Gummesson (2000), the action research paradigm requires its own 
quality criteria, different from the criteria for positivist science. Coughlan & 
Coghlan (2002) argue that, for example, the significance of the action research 
project itself and the significant change that comes from the project also should be 
important quality criteria for action research. 

3.8.2 Validity and reliability of Study 2 
Study 2 can be partitioned into two phases: the metastudy of experiments in 
literature and the classroom experiment. 

The validity of the results of the metastudy of experiments found in literature will 
depend heavily on the definitions used to measure the occurrence of the principles 
of sparsity, hierarchy and heredity in the studied experiments. To increase the 
validity, the definitions used for the three principles in the study are in line with 
established definitions in DoE literature, used by for example Li et al. (2006) and 
Wu & Hamada (2000). To further increase the validity of the results, experiments 
where the original analysis was found questionable were reanalyzed, for example in 
such cases when a transformation of the response variable was deemed necessary. As 
these reanalyses are described in Paper C, the reliability of the results is increased 
since the results from the study should be fairly stable even if another researcher 
would redo the analysis. 

The external validity (generalizability) of the rates of active effects and interactions 
found in the metastudy of published experiments is worth discussing. A fair 
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assumption is that experiments where no significant effects are found would be less 
likely to be published in articles and books. Thus, the rates of active effects found in 
Study 2 are probably somewhat overestimated. This might be a general problem for 
metastudies of this kind. 

The classroom experiment was set up to test how different amounts of a-priori 
information affected the classification results of active/inert effects in normal 
probability plots. Important for construct validity is the definitions used for the 
different amounts of a-priori information. In the classroom experiment, the 
respondents received information in three steps. In the first step, they were told that 
the effects were small compared to noise. In the second step, identification markers 
were added to the effects in the plots, and finally, in the third step, the students were 
informed of the directions of possible active main effects in the plots. These three 
steps were used to simulate different amount of a-priori information. As these 
definitions can be used to repeat the study, the reliability is increased. However, the 
completeness simulated by these definitions compared to the prior process 
knowledge that can be expected in a ‘real life situation’ can always be discussed. Yet, 
by providing a clear description of the definitions of a-prior knowledge, it is possible 
for the reader to determine their relevance.   

To increase the validity of the results as well as reliability, the respondents received 
extra tutoring about experimental analysis by use of normal probability plots. 
Further, the respondents were divided into subgroups depending on their analytical 
skills. The “best” subgroup (respondents with a minimum of obvious classification 
errors) was primarily used to draw conclusions from the study. 

To replicate the study, however, the same information and tutoring material should 
be used since this information probably will affect the respondents’ classification 
results. 
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4. THE BLAST FURNACE PROCESS 
his chapter provides a brief introduction to the blast furnace process of iron making. Since 
the research concerning continuous processes presented in this thesis is focused on 

experiments in the LKAB experimental blast furnace (EBF) process, the EBF and the 
experimental work at the facility is also presented.  

4.1 About the Blast Furnace process 
Today, there are two main processes available for the production of steel products, 
namely the Blast Furnace and the Electrical Arc4 steelmaking processes. The former 
still remains the primary source for the world’s steel production. In the Blast 
Furnace process, coke and coal are used as reductant sources (or fuel) and sinter 
and/or pellets as iron-bearers. (Geerdes et al., 2004) 

In brief, reduction of iron oxide passes through three steps, Fe2O3 (Hematite)  
Fe3O4 (Magnetite)  FeO  Fe. Carbon monoxide (CO) or hydrogen dioxide in 
the hot ascending gas in the furnace partially reduces the iron oxides in the upper 
part of the furnace. The remaining oxygen content of the ironbearing materials is 
removed by ‘direct reduction’ in the high temperature zone (Zuo, 2000). A diagram 
of a blast furnace is presented in Figure 4.1. 

 
Figure 4.1 A diagram of a blast furnace with important terms indicated. Source: Zuo (2000, p. 1), 
with permission from the author.  

Zuo (2000) characterizes the blast furnace as a high temperature counter current 
chemical reactor for reduction and smelting of iron ore to hot metal. The blast 
furnace produces hot metal in liquid form which is then transported to the steel 
plant for further refinement. This typically involves removing elements such as 
sulphur, silicon, carbon, manganese and phosphorous from the hot metal; see 
Geerdes et al. (2004). 

                                        
4 The Electrical Arc Steelmaking process uses electric energy to melt scrap metal. 

T 
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As indicated in Figure 4.1, the burden composed of iron-bearing materials, together 
with coke and fluxes is charged from the top of the furnace. Through the tuyeres 
(cooled copper canonical pipes) in the bottom of the furnace pre-heated air (often 
enriched with oxygen) and supplementary fuel (coal or oil) are injected. The 
combustion of coke and injected fuel with oxygen occurs in front of the tuyeres and 
this creates the reducing gas and heat needed for the reactions and melting of the 
burden. (Zuo, 2000) 

Alternating layers of coke and iron bearers are charged in the top of the furnace. 
The pre-heated air (up to more than 1200° C), called blast, is blown into the 
furnace through a number of tuyeres and the number of tuyeres varies depending on 
the size of the blast furnace. In the gasification in front of the tuyeres, the oxygen in 
the blast is transformed into carbon monoxide and the resulting gas has a flame 
temperature between 2100 and 2300° C. When the gas reaches the top of the 
furnace, the temperature has dropped to 100-150° C.  (Geerdes et al., 2004) 

The counter current principle (hot gas ascend while the burden descends) of the 
blast furnace process can be considered the driving force of the process. According 
to Geerdes et al. (2004), the hot gas which ascends through the furnace performs a 
number of important tasks: 

• Heats the coke in the lower part of the furnace 

• Melts the iron-bearing material in the furnace 

• Heats up the material in the upper part of the furnace 

• Removes oxygen from the iron oxides in the burden 

An obvious aim for a modern blast furnace is to produce as much raw iron as 
possible at the lowest possible cost. Thus, minimizing coke consumption becomes 
an important task since coke is the most expensive component in the burden. This 
motivates substituting coke with less expensive auxiliary fuel in form of coal powder 
or oil and injecting them through the tuyeres. 

In general, the efficiency of the blast furnace process is considered to be the 
reductant rate per metric ton hot metal. This is monitored by continuously 
measuring the chemical composition of the top gas in the furnace. The percentage 
of the CO gas that has been transformed into CO2 is expressed as the gas utilization; 
see Geerdes et al. (2004). 

( )gas in top CO %  CO %
gas in topCO %

nutilizatio gas CO
2

2

+
=  (4.1) 

Zuo (2000) argues that the blast furnace process is quasi-stable. The process is 
controlled not only by measures taken by operators but also by constantly complex 
variations in the blast furnace, for example, changes of the composition and 
distribution of the burden and in the gas as well as the position of the cohesive zone 
in the furnace.  
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Hence, Zuo (2000, p. 2) further argues that the modelling and control of the process 
in practise is difficult and arduous because of the following four characteristics: 

1. The blast furnace is a continuous process and any irregular fluctuations in the 
process will disturb the steady-state condition reached, lasting from several 
hours to days with a negative effect on production. 

2. Time-lag of furnace responses to adjustments of operational parameters. 

3. Black box.  The difficulties (often due to the high-temperature and dusty 
environment) of online measurement for showing transport phenomena and 
reactions occurring inside the furnace make parts of the blast furnace 
operation a black box with multiple input and output variables. 

4. Dynamics and non-linearity. Changing one parameter in the blast furnace often 
causes a chain of changes. The quantitative relationships between process 
variables are time-dependent and probably non-linear. 

4.2 The LKAB Experimental Blast Furnace (EBF) 
In 1997, Luossavaara-Kiirunavaara AB (LKAB), a Swedish producer of iron ore 
products, pellets in particular, inaugurated a pilot scale blast furnace. The EBF is 
specifically designed for experimental purposes in connection to product 
development and has many possibilities for measurement during operation. 
Although the experimental cost per run and risks associated with performing 
experiments are great even in this pilot scale, they are substantially lower than they 
would have been in full scale operation. An outline of the EBF, examples of 
measurement possibilities, and some specifications of the furnace are presented in 
Figure 4.2 (next page). 

The customers of iron ore pellets generally want their blast furnaces to run 
efficiently and effectively with few disturbances and that the resulting iron is of a 
high grade. Therefore, most experiments performed in the EBF include response 
variables connected to the quality of the produced iron, such as chemical 
composition of iron and slag, as well as response variables related to energy 
efficiency and stability of the process itself, for example, CO gas utilization, pressure 
drops, and different temperatures. 

The experimental process at the EBF before the start of the collaboration 

In this section the experimental work at the EBF, at the start of the collaboration 
between the author and the EBF engineers, is synoptically described. This 
description is mainly based on the five interviews with EBF engineers in the start of 
Study 1. As such it can be viewed as results, but it is presented already in this chapter 
to provide a baseline for comparison and understanding of the results presented in 
the next chapter and in the papers. 
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Pre-heated air (≈ 1300 ° C)
Oxygen
Fuel

Hot metal (≈ 1400 ° C)
Slag

Top gas (≈ 150-300 ° C)
Composition (CO2, H2, N2)
Temperature distribution

Iron-bearers (pellets and/or sinter)
Fuel (Coke), Fluxes
Mass, frequency,
Moisture percentage

Iron-bearers 
(pellets and/or sinter)

Coke layer

Dripping materials

Temperature
Chemical composition

Sensors for measuring:
Temperatures
Pressures

Temperatures
Flows
Pressures

Raceway

Burden probes for 
gas analysis and 
retrieving material

Furnace
height ≈ 8m

Tuyere

 

Quick info on the EBF 
Working volume: 8.2 m3

Working height: 5.9 m

Top pressure: up to 1.5 bar

Number of tuyeres: 3

Blast volume: up to 2000 Nm3/h

Max. blast temp: 1300° C

Furnace crew (excluding
sampling/research staff): 5/shift

Tapping volume: ≈1.5 tons/tap

Tap time: 5-15 min

Fuel rate: ≈500 kg/ton hot metal  

Figure 4.2 Outline of the experimental blast furnace process. In this outline a few examples of 
possible response variables are underlined. The quick info (on the right) is from Hallin et al. 
(2002).  

The experiments at the EBF plant were run in two experimental campaigns per 
year, normally for about four to six weeks each. Several experiments were usually 
run in each campaign and the experiments were typically divided into a number of 
‘‘periods’’ (comparable to experimental runs). Common objectives of the 
experiments were product development, production development, customer trials, 
and external projects.  

The experimental efforts could be divided into three separate phases – planning for, 
performing, and analyzing the experiment. The planning process could further be 
divided into campaign planning (coordination of the different experiments in the 
campaign) and planning of the separate experiments. The existing experimental 
planning documentation was essential for the planning process and the responsible 
engineer(s) had the task of documenting the planning phase as well as many of the 
events that occurred during the experiment. 

The most frequent category of experimental factors was material factors, that is, 
different types of iron bearers (mostly pellets). During most experiments, the process 
variables were held constant, making the material factor the only true experimental 
factor. However, in nearly all experiments, the coke rate was used to control the 
thermal state of the process during the experiment even though it was not viewed as 
an experimental factor. Examples of other experimental factors were charging 
method of the furnace and processing variables (such as the blast temperature), but 
these were usually studied in separate experiments. Thus, material and process factor 
interactions were not tested. 
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Factorial type experiments were not common practice among the EBF engineers. In 
fact, many of the engineers were sceptical to factorial experiments because of the 
continuous nature of the process. Instead, the prevailing practice at the EBF had 
been to conduct a form of one-factor-at-a-time experiments, where one type of 
pellets was typically assigned as reference, and the others as experimental pellets. The 
experimental pellets’ performance in the furnace was then evaluated compared to 
the reference pellets’ performance, where references were run between runs of 
experimental pellets; see Figure 4.3 for the general principle. 
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Figure 4.3 The general principle of one-factor-at-a-time experimentation at the EBF plant. The 
times indicated for each run in the figure are just examples of a possible arrangement.  

When performing the experiments, about ten LKAB personnel were usually present 
at the EBF plant during a twenty-four hour period. In addition, a furnace crew of 
five per shift was needed to run the EBF. Additional personnel were required for 
maintenance and to run the logistics concerning inputs and outputs from the EBF. 
During operation, structured meetings were held between the engineering team and 
additional staff on regular occasions. Possible disturbances and other events were 
noted in logbooks as well as in meeting protocols and could thus be traced during 
analysis.  

Analyzing experiments conducted in the EBF was a time-consuming process and 
added experimental runs prolonged the analysis process. In Paper A, the elements of 
the analysis process for experiments at the EBF, at the start of the study, is presented. 
Before the start of the study, the dominating data analysis tool used by EBF 
engineers was common spreadsheet software, with special emphasis on time-series 
plots over important response variables. Use of statistics software was not common 
practice among all, neither was multivariate analysis. However, several of the EBF 
engineers supported the development of multivariate analysis of experimental data. 
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5. SUMMARY OF RESULTS 
ummaries of the results from the three appended papers are presented in this chapter. In 
addition, supplementary results connected to paper B are presented. 

5.1 Relations between the papers 
Paper A describes a situation that an experimenter in a continuous process can 
encounter. It lists a number of problems that can be expected when planning 
factorial experiment in continuous processes. Paper A is closely related to Paper B 
where an experiment from the study is more thoroughly described. The results 
presented in Paper B can be viewed as an attempt to tackle some of the problems 
highlighted in Paper A, and presents an analysis procedure for experiments in a 
continuous process. 

Paper C does not focus on continuous processes specifically. It investigates how a-
priori information affects the analysis sensitivity when using normal probability plots 
to analyze unreplicated experiments. However, as is argued later on in Chapter 6, 
the usefulness of a-priori information during analysis is higher in noisy experiments 
with no or a limited number of replicates, which is often the case for continuous 
processes because of the cost of experimentation and the many sources of variation 
in the processes. 

5.2 Summary of Paper A 

Vanhatalo, E., Bergquist, B. (2007). Special Considerations when Planning 
Experiments in a Continuous Process. Quality Engineering, 19(3): 155-169. 

Purpose of the paper 

The purpose of Paper A is to describe some of the special considerations that the 
experimenter faces when planning experiments in a continuous process setting. 

Method 

As the purpose was to describe many of the specific issues that experimenters face, a 
single case study was chosen and the LKAB Experimental Blast Furnace operation 
(EBF) was selected as study object. Thereby, the work of engineers in a continuous 
process could be followed for an extended time period. The data collection was 
made in close collaboration with the EBF engineers and multiple sources of 
evidence were used, for example, interviews; observations; discussions; as well as by 
the authors’ active participation in planning, performing and analyzing factorial type 
experiments in the EBF during two experimental campaigns in 2006.  

The study started by a documentation of the prevailing methods for planning, 
performing and analyzing experiments at the EBF. Then, by planning, performing 
and analyzing two factorial type experiments in the EBF, the authors made an 
intervention that was compared with the prevailing experimental practice at the site. 
The authors then reflected on and analyzed the experimental results as well as the 
observations and discussions during the intervention. 

S
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Main findings 

The paper presents and discusses a tentative inventory of special considerations 
and/or complications that need to be handled when planning experiments in a 
continuous process and provides a thirteen-step checklist, which is mainly based on 
the checklist in Coleman & Montgomery (1993). The main results in the paper are 
summarized below. 

To conduct experiments in a continuous process (in this case the EBF) required 
experimentation around the clock, for an extended time period, with many 
involved people, and in a complex environment. Consequently, information and 
communication were important for experimental success. In addition, there were 
many possible (and frequent) disturbance factors in a complex process, such as 
natural variations in raw materials and breakdowns of process equipment. It is 
therefore concluded that reliability and maintenance issues are critical aspects of 
experimental efforts in continuous processes. 

Process control was found unavoidable during experimentation and the control 
decisions can disturb the interpretation of the experimental results. In the EBF case, 
controlling the thermal state of the process by the fuel ratio was needed during the 
experiments. Therefore, a control strategy had to be carefully developed during the 
planning process to minimize the effect on the experimental results. Even so, 
controlling the process during experimentation was a problem that included both 
subjective decisions and time-lag of process responses to control actions. This made 
process control difficult. 

Response data in the EBF included many secondary process variables, such as shaft 
temperatures and pressure drops and response data were dominated by on-line 
logging of process variables while measurements of end-product characteristics were 
made off-line and less frequently. Further, the difference in sampling frequency 
between different response variables became an obstacle during analysis and different 
response variables were time-lagged with respect to one another. Moreover, 
response variables were typically cross-correlated and the frequent logging also 
warranted a high degree of autocorrelation. It is therefore concluded that to 
effectively and efficiently analyze results from experiments in the EBF, a multivariate 
analysis approach is needed. The many response variables (and possible interactions) 
in the EBF process also made it impractical to maintain the detail in experimental 
planning recommended by, for example, Coleman & Montgomery (1993). As an 
example, to predict possible interaction effects for all the individual response 
variables were practically difficult. 

The time-delay in process responses (inertia) due to the dynamic characteristic of the 
EBF process was a central problem. That is, a time period was needed for the effects 
of experimental treatments to reach full impact in the process. This time period also 
depends on which variable that was changed. In the paper, the use of time series 
plots of principal component scores is presented as a way to settle the transient time 
between experimental runs. These transient periods between experimental runs also 
became costly in a factorial design where frequent changes of factor levels are made. 
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The traditional use of one-factor-at-a-time designs in the EBF left the engineers 
with more freedom to react to incidents and problems that may occur during 
experimentation. The choice to use one-factor-at-a-time designs can be understood 
from an economical perspective since completely randomized factorial designs will 
result in many and costly transient periods between runs. Hence, to exploit the 
benefits of factorial designs, the number of costly transient time periods between 
runs needed to be minimized. A solution to this problem was to restrict the 
randomization order of factorial designs in the EBF and thereby giving it a split-plot 
structure. However, the split-plot structure will affect the analysis. Sahni et al. (2001) 
provide an example where split-plot designs was used in the food industry, where 
one benefit of the split-plot structure was a minimization of costly transient periods 
in the experiment.  

Since trial runs are often impossible in continuous processes, randomization 
restrictions can also be needed to make sure that runs with possible incompatible 
factor combinations are run in the early part of the experiment. Furthermore, the 
chosen design should not be too dependent on each individual run, since 
disturbances, such as breakdowns of process equipment, are frequent. This can be 
accomplished by replication or by leaving unplanned experimental time at the end 
of each experimental campaign to accommodate for missing runs. 

It is also concluded that factorial designs are not compatible with experimental 
purposes where long-term effects are of interest. This is due to the clash between 
the purpose of studying long-term effects under the same process conditions and the 
frequent factor levels changes that is normally needed in factorial designs. 

5.3 Summary of Paper B 

Vanhatalo, E., Vännman, K., Hyllander, G. (2007). A Designed Experiment in a 
Continuous Process. Helsingborg, Sweden: the proceedings of the 10th International 
Quality Management and Organizational Development (QMOD) conference. 

Purpose of the paper 

The purpose of Paper B is to describe experiences from using a factorial design 
when doing experiments in a continuous process. More specifically, experimental 
design issues and connected methods of analysis are discussed. Furthermore, special 
considerations and deliberations that were needed during the experimental effort are 
addressed. 

Method 

The experimental effort described in the paper can be partitioned into three phases: 
pre-experimental planning; performing the experiment; and doing the analysis. The 
authors of the paper (two scholars in quality technology and statistics and an EBF 
engineer) formed a team that collaborated during the phases. During the pre-
experimental planning phase, the checklist developed in Paper A was used to 
structure the experimental planning activities. 
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The aim of the experiment was to investigate if three types of pellets significantly 
differed with respect to properties and performance in the EBF process on two 
levels of a process variable. A factorial design was chosen with two experimental 
factors; one at three levels and the other at two levels. Hence, the design was a 23×  
factorial design, requiring six runs for each full replicate. 

Main findings 

Conducting a factorial type experiment in the EBF process was not straightforward. 
First, the length of the individual runs of the design was affected by the dynamic 
characteristic of the process. It was established that a transient time of at least six to 
eight hours was needed between runs. As a result, 24 hours of operation was 
planned for each run. In addition, an ‘adaptive design’ was created. This meant that 
individual runs could be prolonged to compensate for disturbances in the process 
during the experiment. Altogether, twelve individual runs of the experiment were 
performed, see Table 5.1. 

Table 5.1 The run order of the twelve performed runs in the 3x2 factorial experimental design.  

Run 
number 

Pellets 
type 

Blast 
volume 
[Nm3/h] 

Hours 
available 

for analysis 

Run 
number 

Pellets
type 

Blast 
volume 
[Nm3/h] 

Hours 
available 

for analysis 

1 C 1800 24 7 B 1800 17 

2 A 1800 17 8 C 1800 22 

3 B 1800 17 9 A 1600 17 

4 C 1600 17 10 C 1600 10 

5 B 1600 17 11 A 1800 19 

6 A 1600 17 12 B 1600 19 

As process control was needed during the experiment, a control strategy with 
guidelines for controlling the fuel rate was developed. To facilitate process control, 
and for other reasons as well, the randomization of the run order was restricted. It is, 
however, concluded that even though a control strategy was developed beforehand 
and followed during the experiment, the manual control continues to create 
ambiguity about experimental results among the experimenters. 

A summary of the steps in the analysis process described in the paper is given in 
Figure 5.1.  
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Figure 5.1 The main activities of the experimental analysis process described in the paper.  

A univariate approach to analysis (step 5 in Figure 5.1) was completed and 
significant effects on individual response variables were found. It did, however, not 
provide the fundamental overview of the results due to the many and correlated 
response variables. Instead, it is proposed that principal component analysis (PCA) 
can be used to derive latent, uncorrelated variables that summarize the ‘strongest 
signals’ in the response data. The principal components were then used as responses 
to test for statistical significance of the effects of the experimental factors. In the 
paper, MANOVA and ANOVA were applied to averages of principal component 
scores for each run in the experiment and significant effects of the experimental 
factors were found. Averages of principal components for each run were used to 
tackle the problem of large autocorrelation between the observations. Principal 
component score plots and principal component weights were used to interpret the 
meaning of the effects on the process state.  

The restricted randomization order of the experiment affects the analysis since not 
all factors are afflicted with the same experimental error. A split-plot analysis was 
therefore performed. However, the design in this experiment lies somewhere 
midway between a completely randomized design and a split-plot design which was 
a problem during the statistical analyses. An important insight, in retrospect, was that 
it would have been better to design the experiment as a regular split-plot design. 
This would have meant even fewer changes in the whole-plot factor (blast volume) 
which would have made the experiment easier to perform as well as giving a more 
straightforward statistical analysis. A similar approach, to the procedure described in 
Paper B, to analyze experiments with restricted randomization and multiple 
responses is described by Bjerke et al. (2007). 

To sum up, using factorial type designs, combined with the method of analysis 
presented in the paper, in this continuous blast furnace process show a promising 
potential. The paper illustrates some of the special considerations that are needed 
when planning, performing and analyzing experiments. Though many of the issues 
will apply for most continuous processes, they are probably affected by the specific 
characteristics of the continuous process in which the experiments are to be 
conducted. 
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5.4 Expanded results connected to Paper B 
Since the description of the analysis procedure is brief in Paper B (due to restrictions 
on the number of pages in the published article), the visual analysis procedure 
(interpreting principal component score and loading plots) is expanded here to 
explain the procedure in more detail. 

As is explained in Paper B, a PCA was conducted to summarize the many and 
correlated responses in the process and try to derive latent variables that could be 
used to interpret the ‘strongest’ signals in the response data. In Paper B, seven 
principal components were initially derived from a data matrix consisting of 213 
observations (hours of operation) and 52 response variables (mean-centered and 
scaled to unit variance), see Table 5.2. Paper B describes how principal component 
scores were averaged for each of the twelve runs of the experiment and then 
analyzed in MANOVA and ANOVA. This step is not elaborated here. Instead, the 
interpretation of active effects by use of visual aids is explained further. 

Table 5.2 Explained variance (of the response space) and the eigenvalue for each principal 
component.  

Principal 
component 
number: 

Eigen-
value
  

Explained 
variance 

Cumulative 
explained 
variance 

Principal 
component 
number: 

Eigen-
value
 

Explained 
variance 

Cumulative 
explained 
variance 

1 13.20 25.3 % 25.3 % 5 3.60 6.9 % 66.4 % 

2 9.56 18.4 % 43.7 % 6 2.49 4.8 % 71.1 % 

3 4.23 8.1 % 51.8 % 7 2.10 4.0 % 75.2 % 

4 3.96 7.6 % 59.4 %     

Visual aids are important to draw conclusions about the results of the experiment. 
Even if significant effects are found in MANOVA and ANOVA on averages of 
principal components, the experimenter will still need to interpret what information 
about the process that the principal components convey. In doing this, prior process 
knowledge is crucial. 

In the analysis of the experiment in Paper B, principal component score plots were 
visually examined to investigate if and how the experimental factors affected the 
process. To interpret in which way the process was affected, principal component 
loading plots were studied. Here, this way of working will be exemplified by 
studying the first two principal components and their loadings. 

In Figure 5.2 and 5.3, principal component score and loading plots for the subspace 
of principal component 1 and 2 are presented.  
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Figure 5.2 Scatter plot of the PC1-PC2 scores labeled according to the level of blast volume. 
Note the clear separation among the observations due to the two levels of blast volume.  
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Figure 5.3 PC loading plot for the loadings of PC1 and PC2. This loading plot is helpful in 
interpreting the PC score plot and the correlation structure among the original response variables.  

Score contribution plots in SIMCA P+ were also used as a tool during analysis. By 
marking interesting groups of observations in the score plots, the average differences 
between the groups can be plotted in a score contribution plot, see Figure 5.4. The 
figure describes what ‘happens’ with the original response variables when the blast 
volume was increased from the low level (1600 m3/h) to the high level (1800 
m3/h), referring to the two groups in Figure 5.2. By using this way of working, and 
at the same time consulting a-priori process knowledge, it was possible to create an 
understanding of the general differences in process performance between the two 
levels of blast volume. 

Example: an observation 
has a large value on the 
original response variable 
”randindex.” This will ‘drive’ 
the score of that 
observation upwards in the 
PC2 dimension in the score 
plot (Figure 5.2). 
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Figure 5.4 Score contribution plot from SIMCA P+. This figure illustrates the average changes 
that occur in the original response variables when going from the 1600 m3/h to the 1800 m3/h of 
blast volume. Hence, this figure averages the differences between the two groups in Figure 5.2a.  

Principal component score, loading and contribution plots were used in the way 
described above to draw conclusions about the effects of the experimental factors on 
the process performance.    

5.5 Summary of Paper C 

Bergquist, B., Vanhatalo, E. (2007). The Use of A-Priori Information when 
Analyzing Designed Experiments. Submitted for publication. 

Purpose of the paper 

The purpose of Paper C is to explore how a-priori knowledge affects analysis 
sensitivity when using normal probability plots to analyze unreplicated experiments. 
The paper includes a study of the principles of sparsity, heredity, and hierarchy in 
experiments found in literature. In addition, the robustness of normal probability 
plots versus user errors is studied. 

Method 

The reader is referred to previous sections 3.7.1 and 3.7.2, where the data collection 
and analysis (Study 2) used in Paper C is thoroughly presented.  

Main findings 

The results from the literature survey, testing the relevance of the principles of 
sparsity, hierarchy and heredity, are summarized in Table 5.3-5.5 below. 

It is concluded that the principles of sparsity, heredity, and hierarchy are valuable 
and viable, and the hierarchy and heredity principles may increase the strength of 
the normal probability plotting technique. However, the numbers presented in 
Tables 5.3-5-5 should be used with some caution since experiments rendering no 
active effects are probably less likely to appear in journal articles and book examples. 
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The results presented in Paper C, regarding the power of the sparsity, hierarchy and 
heredity principles are supported by recent results from Li et al. (2006). 

Table 5.3 The rate of active contrasts (main effects and interactions) found in the literature 
survey. These results are used to evaluate the sparsity and hierarchy principles.   

RATE OF ACTIVE CONTRASTS, INCLUDING ALL EXPERIMENTS  
 Tested in total Number of active effects Rate 

Contrasts or effects 667 125 0.19 

- Main factor 164 92 0.56 

- Two-factor interaction 326 31 0.10 

- Three-factor interaction 97 2 0.02 

 

Table 5.4 Occurrence of largest effects found in the literature survey. These results are used to 
evaluate the hierarchy principle.  

ORDER OF EFFECT Occurance Rate

A main factor has the largest effect in the experiment 33 0.97 

A two-factor interaction has the largest effect in the experiment 1 0.03 

A main factor has the second-largest effect in the experiment 25 0.74 

A two-factor interaction has the second-largest effect in the experiment 9 0.26 

A main factor has the third-largest effect in the experiment 16 0.47 

A two-factor interaction has the third-largest effect in the experiment 12 0.35 

 

Table 5.5 Heredity of active two-factor interactions found in the literature survey.  

TYPE OF HEREDITY Occurance (31 active two-factor interactions in total) Rate 

Strong heredity 27 0.87 

Weak heredity 3 0.10 

No heredity 1 0.03 

The classification results from the classroom experiment are summarized in Figure 
5.5. The figure presents the rate of correctly classified contrasts from the subgroup of 
students that had not made any obvious mistakes. The effect of prior knowledge and 
magnitude of the contrast on the rate of correctly classified contrasts can be studied 
in the figure. It is clear from Figure 5.5 that more prior knowledge gives a better 
classification result. 
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Figure 5.5 Classification results from the subgroup of ‘best’ students with different amount of 
prior knowledge. Three rounds of classification were held. In the first round, the contrasts were 
plotted without legends. In the second round legends were added and in the third round the 
students also had prior knowledge about the effect direction of possible active main effects.  

It is concluded in the paper that prior knowledge regarding the signs of factors may 
increase the strength of normal probability plotting further and should be considered 
highly useful in situations where contrast signs may be anticipated with certainty. It 
is therefore proposed that a-priori process knowledge should be applied when 
analyzing the results from an experiment. This is especially important for 
unreplicated experiments where no independent error estimate is present. In these 
cases, a-priori process knowledge becomes an even more important analytical aid for 
the experimenter. 

The results in this paper also show that normal probability plots are delicate 
instruments and analysis errors are frequent, even if the analysts have been given 
instructions about how to interpret these plots. The results therefore indicate that 
there is a need for both profound process knowledge and good statistical skills to use 
a-priori information when analyzing experiments.  
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6. CONCLUSIONS AND DISCUSSION 
n this chapter, conclusions from the research are presented and recommendations for an 
experimenter in a continuous process are given. Furthermore, the research process is 

discussed and suggestions for future research are presented. 

6.1 Conclusions and recommendations 
To recapitulate from Section 1.3, the focus of the research presented in this thesis 
was to: 

• explore the potential of using factorial designs in a continuous process and 
describe the experience from this work, 

• develop an effective analysis procedure for designed experiments in a 
continuous process, 

• and explore how a-priori process knowledge can be used to increase the 
analysis sensitivity for unreplicated experiments.   

In this chapter, the most important conclusions, connected to the three points 
above, will be presented as recommendations for experimenters designing 
experiments in continuous processes. The recommendations are addressed under 
three subheadings: planning; conducting; and analyzing experiments. However, all 
recommendations under the subheadings should be considered already when 
planning experiments in continuous processes. 

6.1.1 Planning experiments in a continuous process 
Firstly, it can be concluded that it is possible to use factorial designs in a continuous 
process even though it is not straightforward. Special considerations by the 
experimenter are required to design factorial experiments in a continuous process 
and thereby exploit the benefits that factorial design hold over, for example, one-
factor-at-a-time experimentation. If many factors are to be investigated in the same 
experimental effort, a factorial design is still strongly recommended. An exception 
can be situations where the experimenter is interested in long-term effects (several 
days to weeks) of treatments in the process. An overview of special considerations 
that are required is presented in Paper A. 

An important step of the experimental planning process is to choose a suitable 
design for the experiment. During this step one of the main obstacles for using 
factorial designs in continuous processes is highlighted - their dynamic characteristic. 
The dynamic nature of continuous processes will affect the minimum time required 
for each run in the experiment. Typically, a transient time period is needed between 
the runs for the experimental treatments to reach full impact in the process, see 
Figure 6.1 for this concept. To establish this transient time between runs becomes 
important during the planning phase. In Paper A, a method using time series plots of 
PCA scores to investigate the length of the transient period in the EBF process is 
presented.  

I 
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Figure 6.1 An illustration of the need for a transient time period between experimental runs in an 
experiment in a continuous process.  

Thus, as completely randomized factorial designs require many factor changes, they 
can become too costly. The cost is further magnified since conducting experiments 
in a continuous process usually means experimenting in an environment closely 
resembling full scale production, which is expensive. 

Split-plot designs (with restricted randomization of runs) should therefore be 
strongly considered when planning experiments in continuous processes. By using 
split-plot designs, the number of required factor changes can be reduced. In split-
plot experiments, experimental factors are usually divided among ‘hard-to-change’ 
(whole-plots) and ‘easy-to-change’ factors (sub-plots). Hard-to-change factors are 
usually synonymous with ‘costly to change’. In continuous processes, an 
experimental factor that requires a long transient time when changed can therefore 
be assigned as a whole-plot factor. However, split-plot experiments require a more 
complex analysis which implies that experimenters in continuous processes need to 
be familiar with the analysis of split-plot designs. The use of split-plot designs in 
continuous processes is further discussed in Papers A and B. 

The multivariate nature of response data, typical for most continuous processes, can 
become problematic during the planning phase. Explicitly, an abundance of 
response variables and possible interactions can make it impractical to maintain the 
detail (for example predicting effects and interactions) in the experimental planning 
process. However, it is still critical that a-priori process knowledge is used in the 
planning process. Furthermore, as is shown in Paper C, a-priori process knowledge 
might prove useful during experimental analysis. The experimenter should therefore 
try to find ways around the multitude of response variables. For instance, response 
variables that measure the same ‘phenomenon’ in the process can be grouped and 
effects and interactions for the groups can be predicted by instead describing 
anticipated process reactions by words. 

In addition, to conduct experiments in a continuous process usually means large-
scale experimentation around the clock, for an extended time period, with many 
involved people, in a complex environment.  



CONCLUSIONS AND DISCUSSION 

 51

Consequently, activities like coordination of people, information and 
communication as well as logistics planning and handling should be important 
priorities for the experimenter already during the planning phase.   

6.1.2 Conducting experiments in a continuous process 
As is discussed in Papers A and B, process control during the conduction of the 
experiment may be unavoidable since, for example, the thermal state of the process 
needs to be monitored and controlled for personal and plant safety reasons. In papers 
A and B, it is concluded that process control will affect the result of experiments and 
should be considered during planning. An exhaustive investigation of the 
importance of the effects of process control on the results and suitable strategies to 
tackle the need for control actions during experiments has, however, not been 
developed during this research.  

Controlling a continuous process is a complicated matter. Due to the dynamic 
characteristic of a continuous process, the experimenter should anticipate some 
time-lag also for process control actions to reach full effect in the process. In 
addition, there is usually a time-delay in some of the response variables used to 
decide control actions. Further, there are often many variables that have to be 
considered jointly to make the decision. If the control includes human deliberations 
at specific processing states, as is the case in the EBF, a subjective dimension is added 
to control decisions which further complicate the matter. According to this author, 
controlling a process like the EBF can, in metaphor, be like ‘driving your car by 
only looking through the rear view mirror.’ 

It is thus concluded that developing a process control strategy during the planning 
phase and then following it, when conducting the experiment, is an important 
success factor when performing experiments in continuous processes. 

An experimenter that conducts lengthy experiments in a complex process, closely 
resembling a full scale production plant, should be prepared for the possibility of 
disturbances (sometimes of a critical nature) during the experiment. In continuous 
processes, disturbances in individual runs can, due to the dynamic nature of the 
process, come to affect a long period of operation in the process. Good reliability of 
process equipment and proper maintenance are hence important issues, but also to, 
beforehand, develop strategies to tackle such disturbances if they do occur. The 
adaptive design strategy, presented in Paper B, is an example of such a strategy. In 
brief, this means that the experimenter can choose to prolong individual runs during 
the experiment if disturbances occur. Alternatively, leaving unplanned time at the 
end of the experiment to account for disturbances can be a good idea. 

6.1.3 Analyzing experiments in a continuous process 
The experimenter in continuous processes often cannot measure the actual 
phenomenon taking place in the process due to practical obstacles. Instead, many 
secondary variables such as flows, pressures, and temperatures are measured and the 
experimenter needs to use a-priori process knowledge to interpret what is occurring 
inside the process.  
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The many response variables are typically cross-correlated and frequent logging of 
many response variables causes a high degree of autocorrelation as well. Therefore, 
as is argued in Papers A and B, multivariate analysis, and latent variable techniques 
such as PCA or PLS, will often be necessary when analyzing experiments from a 
continuous process. In Paper B, an analysis procedure for experiments in a 
continuous process is proposed. In short, it consists of six main steps, see Figure 6.2. 

Establish representative 
time periods for each run 
in the design

Choose relevant
response variables from 
the many available

Retrieve and
match data
for control and 
response variables

Consider time lag 
between different 
responses

Multivariate analysis:
1: PCA
2: MANOVA on PC scores
3: ANOVA on PC scores

Interpretation of 
results and conclusions

1 2 3

4 5 6

 
Figure 6.2 A summary of important steps in the proposed analysis procedure for continuous 
processes from Paper B.  

Note here that the procedure outlined in Figure 6.2 is developed in a situation 
where at least one of the experimental factors are qualitative. It can, however, be 
used to analyze experiments with only quantitative factors too, but in such situations 
it may be more effective and intuitive to use PLS in Step 5 in Figure 6.2, since PLS 
models the covariance between the experimental factors (X matrix) and the process 
response (Y matrix) directly. 

In Paper C, a-priori process knowledge is shown to have a positive effect on analysis 
sensitivity for unreplicated experiments. In continuous processes, restrictions on the 
ranges in which factors may be varied are frequent. This can lead to small 
experimental effects, which can be difficult to distinguish from the relatively large 
experimental noise in continuous processes. In addition, as split-plot designs are 
recommended for continuous processes the experimenter should also expect a lower 
precision when measuring whole-plot effects. Furthermore, since experiments in 
continuous processes can be expensive, making many replications of experimental 
runs are usually difficult. It is therefore proposed that in these situations, a-priori 
process knowledge can make a valuable contribution to increase analysis sensitivity. 
Added importance of prior process knowledge in continuous processes comes from 
the fact that the experimenter will need to consult process knowledge to interpret 
the meaning of latent variables when using techniques such as PCA and PLS. 

6.2 Reflections on the research process 
In this research, the blast furnace process has been the study object for investigating 
experiments in continuous processes. By focusing on one specific case (the EBF), in-
depth understanding of the special considerations that are needed to plan, conduct 
and analyze experiments in the process has been attained. However, the strength of 
the approach is at the same time its weakness, since the results presented here cannot 
without reflection be generalized to all continuous processes.  
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Indeed, highly generalized results are often worth striving for. However, if the 
choice had been made, instead, to study several different continuous processes 
(during the same amount of time) it would, according to this author, have been at 
the cost of the depth of understanding of the phenomena that the experimenter 
needs to consider in continuous processes.  

Nevertheless, it is this author’s belief that by investigating the blast furnace process, 
many important experimental complications for continuous processes have been 
found. Among these are, for example, dynamic process characteristics; multivariate 
nature of data; the need for process control; and large-scale experimentation. 
However, the applicability of the results presented here needs to be studied in other 
types of continuous processes.  

The author started the study with a preunderstanding of DoE and the idea that 
factorial designs could be beneficial to use in the EBF. The collaboration between 
the author and the EBF engineers during Study 1 has been valuable to create an 
understanding of the problems that are encountered when trying to apply DoE 
methods and tools in the reality that an experimenter faces in a complex continuous 
process setting. Though factorial designs require special considerations when used in 
a continuous process, the recommendation is still that they should be used. It is the 
author’s belief that this understanding could not have been acquired using, for 
example, interviews, questionnaires or simulations only. 

6.3 Contributions 
According to the author, the contribution of the research presented in this thesis is 
threefold. 

First, the research explores and describes special considerations and problems that 
can be encountered when planning, conducting and analyzing factorial designs in a 
large-scale, dynamic industrial process. These considerations and problems can be 
considered a theoretical contribution to the use of designed experiments in 
continuous processes, since they are normally not considered in DoE literature. 

Second, the research also proposes possible ways to deal with some of the identified 
considerations and problems:  

• The use of split-plot designs are suggested as a compromise between the 
benefits of factorial designs and the problems of making frequent factor 
changes in a continuous process.  

• Multivariate statistical tools are incorporated in a proposed analysis procedure 
for experiments in a continuous process with a multivariate response space.  

• The use of an adaptive experimental design is proposed to cope with possible 
disturbances that affect the process state.  

The proposed solutions to encountered problems are contributions to experimenters 
who plan experiments in continuous processes, for example in the process industry. 
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Third, the research highlights the potential of using a-priori process knowledge to 
improve the analysis results of experiments when the experimental error is either 
large compared to the effects or when the experimental error cannot be estimated, 
such as for unreplicated experiments. This contribution opens for a continued 
theoretical discussion of the balance between statistical rigor and the use of 
engineering knowledge during the analysis of designed experiments. 

6.4 Further research 
Ideas and implications for further research have come up during this research 
process. The most interesting implications for further research are presented below.  

To test the external validity of the results from Study 1, a first recommendation for 
further research is to repeat Study 1 in another continuous process setting, for 
example, the pulp and paper industry.  

An interesting experimental complication that has been encountered during the 
research presented in this thesis is the need to control the process during 
experimentation. However, it has been shown that process control decisions during 
the experiment can cause ambiguity regarding the experimental results. Hence, the 
author believes that further research on how control decisions affect experimental 
results is motivated. Hence, to develop control strategies for a continuous process 
under experimentation should make a valuable contribution to experimental 
practice. In the literature, there are many examples where multivariate process 
control charts have been used to monitor and improve continuous and batch 
processes in the process industry. An idea for further research is to investigate if and 
how such multivariate control charts can be helpful also when making control 
decisions during experimentation. 

Furthermore, during the collaboration project with LKAB it has been discussed if an 
off-line process model could be helpful during the planning phase. Maybe, such a 
model could help the experimenter simulate the effects of, for example, factor levels 
and control strategies before the experiment is run. Another possible benefit is the 
ability to assess the time needed for changes of factors to reach full impact in the 
process beforehand. Thus, such a process model would be of help when choosing 
the appropriate experimental design. It would therefore be interesting to investigate 
if and how off-line process modelling could be integrated in experimental planning 
activities for continuous processes. 

Another topic for further research is to study how often factorial designs are used in 
experiments in continuous processes generally. In such a study, it would be possible 
to investigate if the conclusions from this research are valid for most types of 
continuous production plants. One of the recommendations from this thesis is to 
apply split-plot designs to make it possible to use factorial deigns in continuous 
processes. However, restricting the randomization of the design affects the analysis 
procedure. The author would find it interesting to study how frequently split-plot 
type designs are used in industry, how often they, in fact, should have been used and 
how often these designs are in fact analyzed correctly? 
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CATEGORY: Research paper 
 
ABSTRACT 
This paper discusses the design and analysis of an experiment performed in a con-
tinuous process (CP). A full factorial design with replicates is used to test three types 
of pellets on two levels of a process variable in an experimental blast furnace process. 
Issues and considerations concerning the experimental design and analysis are dis-
cussed. For example, an adaptive experimental design is used. We propose a multi-
variate approach to the analysis of the experiment, in form of principal component 
analysis combined with analysis of variance. The factorial design in CPs is found to 
have a promising potential. However, CPs also demand special considerations when 
planning, performing and analyzing experiments, and therefore further development 
of experimental strategies and connected methods of analysis for CPs is needed. 
Keywords: Experimental design; factorial experiments; multivariate data analysis; principal compo-
nent analysis; blast furnace experiments; split-plot design. 
 
INTRODUCTION 
The need to experiment frequently arises when trying to increase process knowledge 
in industry. The field of Design of Experiments (DoE) deals with methods for effi-
cient experimentation, i.e. deriving required information about, e.g. a process, at the 
least expenditure of resources (Barker, 1994). Factorial designs are important tools in 
DoE and are exhaustively treated in literature; see e.g. Box et al. (2005) and Mont-
gomery (2005). Discontinuous processes, i.e. processes where parts or batches are 
produced, dominate applications of DoE in practice as well as in literature. Continu-
ous processes (CPs), which together with batch processes are frequent in process in-
dustry, use nondiscrete materials (Dennis & Meredith, 2000). In CPs the product 
gradually and with minimal interruptions passes through a series of different opera-
tions and the product exhibits characteristics such as liquids, powders, slurries, and 
pellets (Fransoo & Rutten, 1994). DoE applications in CPs have attracted considera-
bly less attention and Vanhatalo & Bergquist (2007) argue that CPs warrant special 
consideration due to their characteristics. Examples of design and analysis of experi-
ments in CPs are scarce in literature. Yet, as we will show in this article, the call for 
experiments in CPs does appear in industry. Consequently, there is a need for further 
research on experimental design and connected methods of analysis for CPs. 

The purpose of this paper is thus to describe experiences from using a factorial de-
sign when doing experiments in a CP. More specifically, we discuss experimental 
design issues and connected methods of analysis. Furthermore, we address special 
considerations and deliberations that were needed during the experimental effort. 

METHOD 
Branches of industry, where continuous processes can be found, are the pulp and pa-
per industries, chemical industries, parts of medical and food industries, as well as 
parts of mining and steel industries, and suitable cases to study are likely to be found 

mailto:Vanhatalo@ltu.se
mailto:Vannman@ltu.se
mailto:Hyllander@lkab.com
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in any of these. In this work, an Experimental Blast Furnace (EBF) operation was 
selected as a case, because the research engineers at the EBF plant (EBF engineers) 
were interested in developing their experimental designs in general and testing facto-
rial experiments in particular.  

The experimental effort at the EBF plant can be partitioned into three phases: pre-
experimental planning; performing the experiment; and doing the analysis. A team 
consisting of EBF engineers and scholars in quality technology and statistics collabo-
rated during all these phases. Also, observations and interviews were used as com-
plementary data collection methods. During the pre-experimental planning phase a 
checklist, developed from recommendations by Coleman & Montgomery (1993), was 
used to structure the experimental planning activities; see Vanhatalo & Bergquist 
(2007). 

The Experimental Blast Furnace (EBF) 
The EBF was inaugurated in 1997 by Luossavaara-Kiirunavaara AB (LKAB), a lead-
ing Swedish producer of highly developed iron ore products (pellets in particular). 
The EBF is a pilot scale blast furnace, specifically designed for experimental use and 
intended mainly for product development but also to improve knowledge about 
LKAB’s customers’ process - the blast furnace process. The blast furnace can be char-
acterized as a high temperature counter current reactor for reduction and smelting of 
iron ore into hot metal (Geerdes et al., 2000). Coke and coal are used to reduce iron 
oxide, normally in form of sinter and/or pellets, into liquid iron. The production ca-
pacity is approximately thirty-five tons of hot metal per day (compared to up to 
10,000 tons/day for the largest full scale furnaces).  

 The pilot scale enables a realistic, controlled and safe way to conduct experiments 
and it is possible to create reactions and progress that can be expected of full scale 
blast furnaces. Also, the response time 
in the EBF is much shorter than in 
commercial furnaces. The experimen-
tal costs and risks associated with per-
forming experiments are great even in 
this scale but they are substantially 
lower than in full scale operation. An 
outline of the EBF and examples of 
measurement possibilities are pre-
sented in Figure 1.  

Most experiments performed in the 
EBF include response variables con-
nected to the output from the process, 
such as chemical composition of iron 
and slag, as well as process response 
variables related to energy efficiency 
and stability of the process itself, e.g. 
gas utilization. Both product quality and  Figure 1. Outline of the EBF process. Examples of 
efficiency and stability of the process possible measurements are underlined. 
are important responses to the customer. 
 
BACKGROUND AND PRE-EXPERIMENTAL PLANNING  
The main aim of the experiment was to investigate if three different types of pellets 
(here called A, B, and C) significantly differ with respect to properties and perform-
ance in the EBF process on two levels of a process variable. The chemical composi-
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tion of the A and B type pellets were changed, compared to the standard product C, in 
order to try to induce a possible beneficial effect on their performance in the blast 
furnace. 

In addition, “blast volume” was also considered as an experimental factor. In meta-
phor, the blast volume could be compared to the “throttle” of the process and increas-
ing the blast volume would result in a higher production rate, as well as shorter dwell 
time for the pellets in the shaft, and thus a shorter time for the reduction work. Before-
hand, a hypothesis was that increasing blast volume would “stress” the pellets to a 
higher extent, and thereby possible differences in the material strength and perform-
ance could be highlighted in process performance. Two levels of blast volume were 
chosen to be tested (1600 and 1800 Nm3/h). The choice of factors and levels was pre-
ceded by extensive discussion, which is not elaborated here. The same goes for fac-
tors to be held constant as well as disturbance factors and connected strategies to off-
set them. 

We had two experimental factors; one at three levels and the other at two levels. 
The basic 3x2 factorial design requires six runs for each full replicate. The time avail-
able in the EBF was limited to fifteen days in total and replication of runs was consid-
ered crucial. Hence, the next question to consider was how many replications were 
possible. This question was intimately connected to the dynamic characteristic of the 
EBF process, i.e. process inertia; see Black-Nembhard & Valverde-Ventura (2003). 
Twenty-four hours for each run was judged to provide enough replicates but instead 
there was a concern that this time could be too short in relation to the process’ inher-
ent inertia, i.e. the time needed for the responses of interest to react to the changes of 
the experimental factors. Thirty-six hours per run was also considered but was re-
jected as too few replications would be possible, in the light of the probability for one 
or a few runs to be excluded due to process disturbances. Therefore, investigations 
were made with purpose to settle the time needed for change-overs of material to 
manifest themselves in response variables of interest. This was made arguing that the 
responses in iron and slag would be the “slowest” to react among all responses, and it 
was concluded that about six to eight hours was needed. Consequently, using twenty-
four hours for each run would leave about sixteen hours for analysis after excluding 
the first eight hours in each run from the data. However, this made the design sensi-
tive to disturbances as there was a risk of not being able to isolate any reliable analy-
sis period in data for the run if disturbances occurred. Therefore, it was decided to use 
what we choose to call an “adaptive design”, i.e. the planned time for each run was 
twenty-four hours but could be extended if a disturbance occurred, e.g. process equip-
ment failures. By using the adaptive design the prospect was to at least manage a full 
replication of the basic 3x2 design, i.e. at least twelve individual runs. 

An important experimental complication is that process control during experi-
mentation is unavoidable in the EBF process. Without controlling fuel ratio during 
experiments in the EBF, there is a risk for the melt to freeze or overheat, which can 
jeopardize the experimental campaign, the plant as well as personal safety. The melt 
temperature control of the EBF is further complicated since it is manual, requiring 
human deliberations at certain processing states, and the control includes a large but 
often unknown time lag. Since only twenty-four hours were planned for each run in 
the design it was therefore important to develop a strategy to maintain a good thermal 
state in the process when switching between runs, and to control the process by sev-
eral minor adjustments in fuel rather than less and bigger adjustments. 

The run order was not completely randomized, since all three types of pellets could 
not be acquired in good time before the experiment. Also, the blast volume was set to 
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be on the same level for a couple of runs at a time in order to facilitate process con-
trol, especially during the six first runs of the design. It was also decided to start the 
experiment by running the process at 1800 Nm3/h in blast volume due to the remain-
ing uncertainty about the appropriateness of this choice of high level for the blast vol-
ume factor. If problems were to occur then the corresponding run(s) could be ex-
cluded from the design, the levels of the blast volume reset, and the experiment con-
tinued only loosing a smaller part of the valuable experimental time in the EBF. With 
exception for the first run, the type of pellets in each run was randomly assigned with 
the restriction that each run would imply a change of pellet type. The experimental 
design is summarized in Table I. 

Table I. The run order of the twelve performed runs in the 3x2 factorial experimental design. 
Run 

number 
Pellets 
type 

Blast 
volume 
[Nm3/h] 

Hours 
available 

for analysis 

Run 
number 

Pellets
type 

Blast 
volume 
[Nm3/h] 

Hours 
available 

for analysis 
1 C 1800 24 7 B 1800 17 
2 A 1800 17 8 C 1800 22 
3 B 1800 17 9 A 1600 17 
4 C 1600 17 10 C 1600 10 
5 B 1600 17 11 A 1800 19 
6 A 1600 17 12 B 1600 19 

PERFORMING THE EXPERIMENT 
The adaptive design was a useful strategy to cope with the disturbances that did occur. 
In runs 1 and 8 (see Table I), problems with malfunctioning process equipment af-
fected the process to such an extent that the decision was made to prolong these runs 
for a couple of hours respectively. During run 10, there was a snowstorm during 
which a material conveyor belt broke and for a couple of hours no pellets could be 
transported into the EBF plant. This did of course affect the process, but since there 
was a shortage of type C pellets the run could not be prolonged. Hence, run 10 pro-
vides the smallest number of hours of normal operation for analysis. 

In a best case scenario fifteen individual runs would have been possible, but due to 
disturbances during previous runs these could not be performed. All in all 12 runs 
were conducted, i.e. two replicates of the 3x2 factorial design. 

DOING THE ANALYSIS 
We start by presenting an overview of the steps in the analysis process in Figure 2.  

Establishing 
representative time 
periods for each run

Classification of
control and 

response variables

Choosing relevant
response variables

Retrieving and
matching data
for control and 

response variables

Univariate analysis 
of responses:
• ANOVA 

• time series plots

Considering
time lag between

different responses

Multivariate 
analysis:
• PCA

• MANOVA
• ANOVA

Conclusions

1 2 3 4

5 6 7 8

 
Figure 2. The main activities of the experimental analysis process. 

At the outset, time periods representing normal process operation, where no apparent 
disturbances were present, needed to be established. In doing this about eight hours of 
process data were excluded in connection to each change-over between experimental 
runs. Logbooks and visual inspection of time series plots over important variables 
were used in this step. Next, response variables of interest were classified and selected 
from the many possible responses that are logged continuously in the process. In do-
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ing this we had to consider that several of the response variables were in fact calcu-
lated from the same sensors in the furnace or from other response variables. We there-
fore tried to avoid including more than one variable carrying on exactly the same in-
formation. However, the remaining responses are still correlated to different degrees. 

An arduous work to retrieve and match data from the process monitoring system 
was the next step and this included reworking of data matrices to get the same resolu-
tion of the data. 

Univariate analysis of responses was first considered as a possible way to analyze 
the data, i.e. generating separate ANOVA tables for all the responses of interest as 
well as studying univariate time series plots. However, after completion it did not 
provide the fundamental overview of the experimental results. Moreover, by making 
so many separate ANOVAs and using an individual significance level of 5 % there 
was an increased risk to find effects that were not real effects. 

Before progressing to multivariate analysis, time lag between different responses 
was considered. The time-delay (inertia) differs between different response variables, 
e.g. changes in carbon injection feed rate would influence the composition of the fur-
nace exhaust gas immediately, while it may take hours until such change would affect 
the liquid metal composition. Based on the EBF engineers’ experience we chose to 
use a time lag of four hours between process response variables and output responses 
(iron and slag).  

Next, principal component analysis (PCA) was conducted in order to summarize 
the many and correlated responses in the process and try to derive latent variables that 
could be used to interpret the “strongest” signals in response data; a description of 
PCA can be found in, e.g. Johnson & Wichern (2002). 

The PCA was conducted on a data matrix consisting of 213 observations (hours of 
operation) and 52 response variables (mean-centered and scaled to unit variance); see 
Figure 3 for a summary of the data matrix. 

…Yo2

213

…

3

2

1

Yo1…Yp2Yp1Obs. …Yo2

213

…

3

2

1

Yo1…Yp2Yp1Obs.

Iron and slag responses (lag 4h)

Process data 
where change-
overs between
runs have been

excluded

Process responses

 
Figure 3. A summary of the data matrix (213 observations and 52 variables) used in PCA. The re-
sponse variables are divided into “process responses” (Ypx) and lagged “output responses” (Yox). 

The software SIMCA-P+ 11.0 (Umetrics AB) was used to conduct the PCA. A model 
with seven principal components (PCs) explained 75.2 % of the total variation in the 
data; see Table II.  

Table II. Explained variance (of the response space) and eigenvalue for each principal component. 

Principal 
component 
number: 

Eigen-
value Explained 

variance 

Cumulative 
explained 
variance 

Principal 
component 
number: 

Eigen-
value Explained 

variance 

Cumulative 
explained 
variance 

1 13.20 25.3 % 25.3 % 5 3.60 6.9 % 66.4 % 

2 9.56 18.4 % 43.7 % 6 2.49 4.8 % 71.1 % 

3 4.23 8.1 % 51.8 % 7 2.10 4.0 % 75.2 % 

4 3.96 7.6 % 59.4 %     

Principal component (PC) score plots were visually examined in order to investigate if 
and how the experimental factors affected the process. Visual effects of the experi-
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mental factors could be traced in the first four components. This way of working, la-
belling the score plots according to the levels of the factors, is exemplified in Figure 
4a-b. Note the clear separation of the two levels of blast volume in Figure 4a as well 
as the generally higher values on PC4 for the type “C” pellets in Figure 4b.  
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Figure 4a. Scatter plot of the PC1-PC2 scores 
labeled according to the level of blast volume.  

Figure 4b. Scatter plot of the PC3-PC4 scores, 
labeled according to the type of pellets.  

By visual inspection of the score plots it became evident that the blast volume factor 
seemed to affect the scores of the first three principal components, i.e. it seemed to 
have the largest effect on the processing state; see e.g. in Figure 4a. The type of pel-
lets did not seem to have a substantial effect, but a difference in the level of PC4 was 
found (see Figure 4b). PC loadings were then used to interpret what the dimensions of 
the PCs mainly describe. PC1 appeared to describe a dimension affected by the gen-
eral thermal state in the process. PC2 can be viewed as an indicator of gas distribution 
in the furnace shaft. PC3 describes the gas utilization (efficiency) in the process. PC4 
was interpreted as a chemical dimension of the iron. No sensible interpretation could 
be made of the subsequent PCs. 

The effect of the experimental factors could be visually detected in a subspace of 
the first four PCs, but was there really a significant difference in the PC scores de-
pending on the experimental factors? To answer this question the PC scores for PC1-
PC5 were averaged for each of the twelve runs of the experiment. The scores were 
averaged since there was a high degree of autocorrelation in the data. Also, multivari-
ate analysis of variance (MANOVA) and ANOVA assume independently and nor-
mally distributed observations, which are reasonably achieved by calculating aver-
ages. 

Next, a MANOVA was performed, using Statgraphics Centurion XV software, on 
the averages of the PC scores. At 5 % significance level the MANOVA showed sig-
nificant main effects of the experimental factors, with e.g. Wilks’ Lambda p-values of 
0.041 and 0.013 for pellets and blast volume respectively. The interaction effect was 
not significant. Thereafter, separate ANOVAs for the five PCs were made on the av-
erage of each PC in the twelve runs; see Table III. 

Table III. P-values from the ANOVAs for the averages of the PC scores for each of the twelve runs. 
Values in brackets are from the split-plot method of analysis. (*<0.10; ** <0.05; and ***<0.01) 

Effects PC[1] PC[2] PC[3] PC[4] PC[5] 

Pellets (P) .916  (.900) .464  (.284) .655  (.443) .0003***  (.0012***) .731  (.607) 

Blast volume (BV) .051*  (.171) .008***  (.110) .043**  (.219) .475  (.597) .599  (.722)  

Interaction (PxBV) .904  (.887) .969  (.939) .861  (.731) .177  (.152)  .703  (.573) 

From Table III we can see that the blast volume has a significant effect on the average 
of the PC scores for the first three PCs. Also, there is a significant pellets effect on the 
fourth PC. Since the first four PCs together account for almost 60 % of the variation 
in process data, with diminishing explanatory ability for each successive PC, we con-
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clude that the blast volume factor has the largest effect on the processing state. The 
pellet types do not seem to have a pronounced effect on the processing state. How-
ever, this analysis assumes that all factors are subject to the same experimental error. 
This is not the case here where the randomization of the blast volume factor has been 
restricted. Therefore, a split-plot analysis has been performed (see Table III) where 
the blast volume has been treated as the whole plot factor; see Box et al. (2005). Even 
though the randomization in the design has not been restricted as much as in a split-
plot design this analysis provides an idea about relevance of the p-values in Table III. 
We conclude that the significance of the blast volume factor on the first three PCs is 
probably overestimated when assuming the same experimental error for all factors. 
Still, we argue that it is reasonable to assume that the blast volume significantly af-
fects the first three PCs and that the true p-values lie somewhere between the two ex-
tremes given in Table III. That the blast volume would affect the process significantly 
was expected. Nonetheless, since this effect was distinctly displayed in the results, it 
strengthens the acceptance of the overall results and the method of analysis. The in-
teraction effect between the types of pellets and the blast volume that was discussed 
beforehand has not been detected in data.  

To explain what causes the effects on the PCs, PC loading plots were studied. For 
example, the pellets effect on PC4 is mainly due to difference in the chemical compo-
sition of the produced iron, which could be expected since the chemical composition, 
e.g. phosphorous content of the pellets, is different. There is, however, no clear evi-
dence of any other difference in blast furnace performance (efficiency and stability) 
for the three pellets that were tested.  

CONCLUSIONS AND DISCUSSION 
Conducting a factorial type experiment in this continuous process setting was not 
straightforward. Examples of the considerations that needed to be made are: the 
length of the individual runs in the design was affected by the dynamic characteristic 
of the process; an adaptive design was needed in order to try to offset the effects of 
disturbances during the experiment; and complete randomization of the run order 
needed to be abandoned. The adaptive design (being able to prolong runs if distur-
bances occurred) was useful when trying to cope with the disturbances that did occur. 
Without the adaptive design, runs 1, 8, and 10 would have been excluded from the 
experiment, which would have been costly (valuable experimental time would have 
been lost). However, this means that we have a different number of hours for analysis 
for the different runs in the experiment. Run 10 has the smallest number of hours for 
analysis. Since the hours of operation have been averaged during analysis this will 
affect the spread of the average for run 10. However, no problem has been detected 
during residual analysis connected to the ANOVA. 

Due to the many and correlated response variables, a univariate approach to analy-
sis was abandoned as it did not provide the fundamental overview of the results. In-
stead, we argue that in processes like the EBF, where responses are abundant, fre-
quently logged, and correlated, a multivariate approach is beneficial. In this case we 
propose that PCA can be used to derive latent, uncorrelated variables that summarize 
the variation in the process. These can then be used as responses to test for statistical 
significance of the effects of the experimental factors; in this paper MANOVA and 
ANOVA has been applied to averages of PC scores for the runs in the experiment. To 
use Partial Least Squares (PLS) to analyze the data has been considered, but due to 
the qualitative pellets factor this technique was abandoned. The need to restrict the 
randomization order of the experiment to facilitate process control does however af-
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fect the analysis as all factors can not be assumed to be subject to the same experi-
mental error. In retrospect, it would have been better to design the experiment as a 
regular split-plot design, with blast volume as whole-plot factor and pellets as sub-
plot factor. In this way, fewer changes in blast volume would have been necessary. 
Furthermore, the statistical analysis would have been more straightforward. The de-
sign in this experiment is somewhere midway between a completely randomized de-
sign and a split-plot design. 

Further, the need for process control of the fuel ratio during experimentation is a 
complicating matter. Even though a control strategy was developed beforehand and 
followed during the experiment, the manual control still continues to create ambiguity 
about experimental results among the experimenters. Questions like “did a decision to 
add or subtract fuel at the wrong time hide important experimental results?” can al-
ways be raised. Still, we argue that in this type of complex process setting, there is no 
such thing as a “perfect” experiment. 

Lastly, using factorial type designs, combined with the method of analysis pre-
sented here, in this continuous blast furnace process show a promising potential. Fur-
ther, as is shown in this article, CPs demand special considerations from the experi-
menter when planning, performing and analyzing experiments. These considerations 
are probably affected by the specific characteristics of the process in which the ex-
periments are to be conducted. We therefore argue that there still is much to be done 
to develop general experimental strategies and connected methods of analysis for CPs.   
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ABSTRACT 
In this article, the effect of a-priori knowledge on analysis sensitivity of normal probability 
plots is studied. A metastudy of experiments found in literature as well as a classroom 
experiment is performed. The correctness of the principles of sparsity, heredity, and hierarchy 
is studied. Then, the power of normal probability plots in detecting effects of small 
magnitudes for unreplicated experiments is tested in an experiment. The results confirm the 
viability of the sparsity, heredity, and hierarchy principles and that a-priori information 
increases the power of the analysis. Finally, the implications of the results are discussed. 
Keywords: normal probability plots, daniel plots, statistical power, detection limits, a-priori information, 
engineering judgments. 

INTRODUCTION 
Experimentation is usually expensive but often the only viable way to create process 

knowledge. During the initial stages of an experimental effort, the purpose is often to find the 
important ones among many possible factors that may influence one or several responses. The 
area of Design of Experiments (DoE) was developed in the twentieth century to increase the 
effectiveness and efficiency of experimentation, and DoE is, in various forms is now 
frequently used in applications such as research, engineering and economics. Commonly, only 
two levels of the factors are tested to reduce experimental effort, but the experimental venture 
may still be too large. If we would like to test k factors that could be important for the 
response, we would have to use a k2 design to test all factor combinations. To estimate all 
possible effects, five factors equals 32 runs, six: 64, seven: 128 et cetera. If independent 
estimates of random variation are needed for statistical tests, the number of runs needed grows 
even further. 

However, active interactions are less common than active main factors, and the higher the 
order of the interaction, the less likely it is that it will be active. This principle is usually 
called the hierarchical principle, and it is used specially for screening stages of experimental 
efforts, where the main objective is the identification of potentially active main effects. The 
fractional factorial designs use the hierarchical principle, where interactions unlikely to be 
active are aliased (varied in the same pattern) with other interesting factors or interactions.  
Industrial use of such designs has been known since the 1930s, see Tippet (1936). The 
drawback is that effects cannot be measured without the risk of distortion from the aliased 
interactions if the assumption that they would be unimportant was in fact false. It is therefore 
customary to speak of factor contrasts instead of factor effects in these cases. If active 
contrasts are detected, these contrasts are then assigned to the most probable of the aliased 
factors or interactions. Since the main purpose of screening experiments is to investigate 
activity of many factors rather than to obtain precise cause and effect relations, the fractional 
factorials are usually performed as reduced two-level factorial experiments with low 
resolution to minimize experimental cost. Fractional factorials with low resolution have main 
factors superimposed with interactions of low order. This procedure frequently works well 
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since possible conflicts regarding activity of aliased effects can be resolved by expanding the 
design to achieve higher resolution experiments and more precise effect estimates if needed.  

The anticipated effect sizes compared with background noise of the unknown effects will 
determine the required number of experimental runs. If the suspected effects are small 
compared to the expected random error, more runs have to be performed. More runs usually 
means higher costs and more complicated experimental schemes. Powerful analysis methods 
that may reduce needs for large experimental designs are therefore always sought for. 

Fractional factorials often lack degrees of freedom for independent error estimates. Instead, 
a few hypotheses make the analysis viable. Finney (1945) proposed to select contrasts that a-
priori were deemed unlikely to be active and to use these for the error estimate, which may 
work well when there are such contrasts.  

Another hypothesis frequently used to assess the activity of factor effects is the “sparsity of 
effects principle.” According to this hypothesis, only a few of the main factors or interactions 
are likely to be active. The rest of the tested factors or interactions have no practical influence 
on the measured responses, and their contrasts could thus be used to estimate the experimental 
noise.  

Due to the central limit theorem, effects or contrasts based on multiple measurements tend 
to follow a normal distribution, and the inert contrasts are therefore seen as samples taken 
from some normal distribution centered at zero. In a mixture of active and inert contrasts, the 
active ones are detected as outliers, since active contrasts usually deviate more from zero than 
would be expected from a sample containing only inert contrasts. More formally, assume that 
there are n independent contrasts; ncc K,1 , where ic  is ( )2,σµ iN . The inert contrasts have 

iµ  equal to 0 and active contrasts have 0≠iµ . A challenge for any method using the sparsity 
of effects principle is to select most or preferably all inert contrasts without including active 
ones for calculation of the reference distribution.  

A final principle used for separation of active and inert contrasts is the effect heredity 
principle. The heredity principle states that an interaction is more likely to be active if one or 
more of its parent factors also are active.  

Formal tests based on the sparsity of effects principle have been suggested, and many 
methods start by sorting the contrasts based on their absolute sizes. Some fraction of the 
smallest contrasts are then used to calculate the reference distribution of inert contrasts, see 
Voss (1988), Lenth (1989), Berk and Picard (1991), Dong (1993), and Schneider et al (1993). 
All these methods subjectively select a number of inert contrasts to include in the reference 
distribution estimate; a procedure shown to have low power, see Haaland and O’Connel 
(1995). Effect heredity and hierarchy are seldom regarded in these attempts. Hamada and Wu 
(1992) presented a method complementing sparsity selection with an iterative comparison of 
effect heredity. 

Other procedures based on distribution tests of all contrast have been proposed. Venter and 
Steel (1996), formed a null hypothesis that all contrasts were inert and came from the same 
reference distribution. The normality assumption of the reference distribution was then tested 
and contrasts causing rejections of the null hypothesis (and thus being outliers) were classified 
as active. Similar approaches have been used by Le and Zemar (1992) and Sandvik-Wiklund 
and Bergman (1999).  

Formal methods, like the ones above, have the advantage that they may be automated and 
they do not rely on the skills of the analyst; on the other hand, they lack the possibility for the 
analyst to value the likelihood that specific contrasts are active. 

The Bayesian approach suggested by Box and Meyer (1986) may be an exception. Box and 
Meyer used so-called Bayes plots, where the a-priori probability α  that a contrast is active in 
an arbitrary experiment, and a parameter, k , expressing the larger standard deviation a-priori 
generated by active contrasts compared to inert contrasts are specified. Using the Bayes 
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theorem, posterior probabilities of each contrasts being active are then calculated and 
contrasts having a posterior probability greater than 0.5 are considered more likely to be 
active than inert. Effect heredity was not considered, but the heredity principle may be 
implemented in a Bayesian approach, see Chipman, et al. (1996). Drawbacks with the Bayes 
approaches are the need to specify a wide range of parameters of the model before the 
analysis. Prior estimates of, for instance, how many times more variation that may be 
attributed to active factors than inert factors, and for probabilities of each factor or interaction 
being active should be specified – a task for which the result is sensitive. The use of Bayesian 
algorithms by practitioners are further limited by the lower availability of these methods in 
common statistical computer packages and the frequentist focus of many basic courses in 
statistics.  

Most statistical computer packages, however, also contain means for a less formal analysis, 
the normal probability plot. Normal probability plotting, or half-normal probability plotting, 
see Daniel (1959) and Daniel (1976), lets the analyst pinpoint outliers deviating from a 
distribution estimate based on the contrasts centered around zero. For experiments lacking 
independent variation estimates, the sparsity, heredity and hierarchy principles could be used. 
The random effect distribution estimate is formed by drawing a straight line through the 
contrasts of smallest sizes, which in accordance with the sparsity principle could be attributed 
to noise. Considering the hierarchical and heredity principles, the analyst may choose to 
disregard unlikely three-factor interaction contrasts or two-factor interactions for which the 
main factors are not active. Instead, the improbable contrasts should be given higher leverage 
when drawing the line through the smallest contrasts. Conversely, main factor contrasts likely 
to be active should be given less leverage during this procedure. It is common practice to 
draw the line trough (0, 0.5), as there should be approximately as many positive random 
contrasts as there are negative (see Figure 1) (Bergman, 1992 p. 263). Normal probability 
plotting has other benefits as well. It gives the analyst a graphical overview of the 
experimental result and outlier observations may be spotted as patterns of the inert contrasts 
Daniel (1959). 

However, the normal probability plot is an analysis tool where the result of the analysis is 
highly dependent on the analytical skills and judgment of the user. Two skilled analysts could 
end up with different results, as the selection procedure includes a series of subjective 
classifications and considerations, for instance putting different weights on the hierarchical 
and heredity principles.  

Nonetheless, a normal probability plot is a useful tool despite these difficulties, both as the 
primary analysis instrument and as support for other analysis methods. Here, we suggest that 
the sensitivity of normal probability plots may be further improved (and the results may well 
be exported to other methods of analysis), if we use more of our process knowledge. 

A classical frequentist approach to statistics involves dual sided hypothesis testing with the 
base hypothesis that all contrasts are random and that we require measured contrasts large 
enough to be outside dual sided confidence limits from the zero hypothesis H0, and that all 
contrast are distributed as ( )2,0 ContrastN σ . To use equally sized hypothesis tests may often be 
unnecessarily conservative, as the experimenter or process engineer often has more 
knowledge than that. When we select factors for the experiment, our selection is not random, 
but based on our experience of the process, well-known physical relations or previous 
experimental evidence. We propose that such process knowledge should also be used when 
the experiment is analyzed.  

An example: an engineer strongly believes, because of previous experience and physical 
relations, that increasing the blast volume in a blast furnace will lead to an increased 
production rate but the size of this effect is unknown. In this case, the engineer can choose to 
test the blast volume factor along with other factors, not to test if the factor is active, but 
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rather how large the effect is and to test possible interactions with other factors. A two-level 
experiment with a limited number of runs is the only viable design choice due to cost 
considerations, but concerns for curvature and for the plant safety restricts the span between 
the two levels of blast volume factor. The experiment is performed and as it turns out, the 
effect is small, Contrastσ2≈ . The experiment is then analyzed using the same double sided zero 
hypotheses for the blast volume effect as for all other tested factors and interactions, that is 
that all effect are zero. The hypothesis is rejected if and only if the absolute value of the effect 
is larger than a predetermined confidence limit, with equal limits if the deviation from zero is 
positive or negative.  

Here we run into a conflict between a frequentist approach and engineering competence. 
Using the frequentist approach, we risk classifying the effect as inert, which leads to little new 
knowledge being generated. We propose that using equal confidence limits in situations as in 
the example above would be to neglect the same a-priori knowledge of the process as the 
engineer used when the factors and levels were selected. Instead, the analyst could use the 
understanding of the process to place lower statistical demands for rejecting the null 
hypothesis if the effect has the predicted sign, and conversely higher statistical demands if the 
measured effect points in the unanticipated direction. Such use of process knowledge may 
increase analysis sensitivity and increase the strength of the results.  

The purpose of this paper is to explore how a-priori knowledge affects analysis sensitivity 
when using normal probability plots to analyze unreplicated experiments. This includes a 
study of the principles of sparsity, heredity, and hierarchy in experiments found in literature. 
The robustness of normal probability plots versus user errors is also studied.  

METHOD 
To test the power and usefulness of the principles of sparsity, heredity and hierarchy as 

well as a-priori knowledge, an experiment was set up simulating these principles. The 
experiment was also intended to evaluate the strength of normal probability plotting. 
Therefore, contrasts of sizes 0.5, 1, 1.5, and Contrastσ2  were used as these were small enough to 
be missed by most other methods. Using the previously stated iterative methods, one would 
have to use a high significance threshold to find them without the help of aliased random 
errors of the same signs as the active effects. The cumulative standard normal distribution 
corresponding to these contrast are 69.1% for the Contrastσ5.0 , followed by 84.1%, 93.3%, and 
finally 97.72% for the 1, 1.5 and Contrastσ2  respectively. Consequently, only the Contrastσ2  is 
expected to reside in the 5% tail area of the normal distribution. The experiment was 
performed with respondents classifying normal probability plots. A group of engineering 
students participating in a Design of Experiments course were selected as respondents, as they 
were considered having the skills necessary for using these plots.  

Before the experiment, a literature survey was performed to determine how often different 
types of effects were found active and to what extent the classifying principles (sparsity, 
heredity and hierarchy) did hold true. To reduce risks of the original authors wrongly 
classifying inert effects as active due to confounding of aliased higher order interactions, only 
full factorials or reduced experiments with resolution of at least IV were selected, that is two-
factor interactions were allowed to confound other two-factor effects, but not main factor 
effects.  

Experiments were located by using database searches with search strings including “full 
factorial” and “Design of Experiments.” Experiments from research papers and experiments 
described in Design of Experiments textbooks such as Box, Hunter and Hunter (1978) and 
Montgomery (2005) were selected. Due to the time restrictions before the experiment was to 
be performed, only work where either hard or electronic copies could be easily accessed were 
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selected for the investigation. The conclusions of the original authors were not questioned 
besides if the original statistical analysis was considered dubious. This choice was made to 
allow engineering competence to strengthen the original authors’ analysis. Unclear or 
questionable analysis methods usually meant that the paper was disregarded in its entity, 
although some experiments were transparent enough to be reanalyzed. The experiment by Tan 
and Tan (2005) was recalculated and we came to the same conclusions as the original authors, 
and it was added to the other experiments. In Carter Jr. et al. (1994), as well as in Pei et al. 
(2002), the examination of the papers suggested that these experiments had not been 
replicated, but rather that duplicate measurements had been taken. Duplicate measurements do 
not measure the total error associated with performing the experiment. We therefore 
reanalyzed the experiments, and in Carter Jr. et al. (1994) we only considered one main factor 
active (the original analysis concluded that two two-factor interactions were active as well). In 
Pei et al. (2002), we concluded that three main effects were active as well as one two-factor 
interaction.  

In the 42 experiment performed by Saravanan et al. (2001), the analysis assumed that all 
interactions including two-factor interactions were only measuring noise. We reanalyzed this 
experiment using normal probability plots. Without process knowledge, only those responses 
where the analysis was clear-cut (roughness and porosity responses) were included in the 
survey results, and those interactions we found significant were included.  

In total, this left 23 studies for the analysis of the strengths of the different principles. In 
experiments where several responses were tested, all responses were included and treated as 
individual experiments, rendering 32 experiments, see Table 1. For each full factorial, the 
number of active and inert main factors as well as two-factor interactions and three-factor 
interactions were counted. For reduced experiments, inert and active main factor contrasts as 
well as two-factor interactions were counted and the suggestions of the original authors 
concerning which of the aliased factors or interactions were active or inert was not 
questioned. Note, however, that for fractional factorials of resolution IV and V, active three-
factor interactions may bias the interpretation. The studied experiments tested effects or 
contrasts related to 164 main factors, 326 two-factor interactions as well as 97 three-factor 
interactions in total. 

RESULTS OF THE LITERATURE SURVEY 
The results of the literature survey are presented in Table 2 and it can be concluded that the 

sparsity of effects principle appears to hold in general. Nineteen percent (125 of 667) of the 
tested contrasts were active, but the probability of main contrasts being active was high. 
Considering all experiments, the probability that a main factor is active was larger than 50 
percent, and a two-factor interaction was active in about ten percent of the experiments. As a 
consequence, many or most contrasts may, in fact, be active in highly fractionated 
experiments such as a 472 −

III  experiment. Hence, to use the sparsity of effects principle to 
separate active from inert factors in these cases, without replicating experiments, must be 
done with care, since many or most contrasts may, in fact, be active. On the other hand, this 
metastudy is based on experiments including both full and fractional factorials. If the full 
factorials are compared with the reduced ones, the probability of factors being active was 
higher in full factorials than in fractional factorials.  
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Table 1. Author(s), type of design and number of responses for the identified experiments. 
Author Experiment Design No. 

responses 
Author Experiment Design No. 

responses 

Box et al. 
(1978 p. 307) 

Pilot plant 
experiment 

23 1 Montgomery 
(2005) 
(pp. 290) 

IC-yield            
 

152 −
V  1 

 Box et al. 
(1978 p. 375) 

Reactor 
example 

25 1 Montgomery 
(2005) 
(pp. 298) 

Injection 
mould 
shrinkage 
 

262 −
IV  1 

Box et al. 
(1978 p. 326) 

Process 
development 
example 

24 1 Montgomery 
(2005) 
(pp. 308) 

CNC jet 
turbine 

382 −
IV

 1 

Carter Jr. et 
al. (1994)  

Crystal 
growth 

24 1 Montgomery 
(2005) 
(pp. 326) 

Spin coater 
experiment 

262 −
IV  1 

Cerutti et al. 
(2004)  

Plasma 
emission 
spectroscopy 

23 1 Pedersen et 
al.(2006) 
(2006) 

Cutting force 
experiment 

24 1 

Daniel (1959)  Penicillin 
production 

25 1 Pei et al. 
(2002)  

FEM grinding 
simulation 

24 1 

Gürses et al. 
(2002)  

Electro-
coagulation 

24 1 Poon and 
Williams 
(1999)  

Solder printing 
process 

382 −
IV

 2 

Laus et 
al.(1997)  

Polymeri-
zation 

23 5 Reche et al. 
(2000)  

Formaldehyde 
extraction 

152 −
V

 2 

Montgomery 
(2005) 
(pp. 215) 

Plasma etch 
experiment  

23 1 Saravanan et 
al. (2001) 

Alumina spray 
coating 

24 2 (6)* 

Montgomery 
(2005) 
(pp. 228) 

Filtration rate  24 1 Silva et al. 
(2003)  

Serine 
preotease 
coupling 

24 3 

Montgomery 
(2005) 
(pp. 239) 

Aircraft panel 
defects 
 

24 1 Smith et al. 
(1995)  

Earth-moving 
systems 

26 2 

Montgomery 
(2005) 
(pp. 242) 

Oxide 
thickness  

24 1 Tan and Tan 
(2005)  

Epitaxial 
growth of 
Si/SiGe 

152 −
V  3 

* A reanalysis made by us came to other conclusions regarding the activity of the effects of four responses. 
These responses were therefore removed from the data. 
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Table 2. Rate of active contrasts in experiments found in literature. 
INCLUDING ALL EXPERIMENTS   
 Tested in total Number of active effects Rate 

Contrasts or effects 667 125 0.19 

- Main factor 164 92 0.56 

- Two-factor interaction 326 31 0.10 

- Three-factor interaction 97 2 0.02 

ONLY FULL FACTORIALS   

 Tested in total Number of active effects Rate 

- Main factor 98 63 0.64 

- Two-factor interaction 152 24 0.16 

- Three-factor interaction 97 2 0.02 

ONLY FRACTIONAL FACTORIALS   

 Tested in total Number of active effects Rate 

- Main factor 66 29 0.44 

- Two-factor interaction 174 7 0.04 

- Three-factor interaction 0 0 - 

 
Reflecting on the results presented in Table 2, the effect hierarchy principle receives strong 

support. For full factorials, it was almost four times as likely for a main factor to be active 
than it was for a two-factor interaction; ten times as likely if only the fractional factorials are 
considered. This result could be due to that full factorials are run with a special purpose of 
modelling interactions, whereas reduced experiments may be run to detect which of many 
possible interactions are of any significance.  

The effect hierarchy principle may be used for other types of predictions than just 
forecasting what types of factors are likely to be active. In Table 3, the number of times an 
effect is of largest, second-largest and third-largest magnitude is displayed. In the studied 
experiments, it was more than 30 times as common for the largest effect to be related to a 
main factor as to an interaction. Hence, the results support the conception that main effects are 
generally not only more frequent, but also of larger magnitude than interaction effects. 
Table 3. Occurrence of largest effects. 
ORDER OF EFFECT Occurance Rate 
A main factor has the largest effect in the experiment 33 0.97 
A two-factor interaction has the largest effect in the experiment 1 0.03 
   
A main factor has the second-largest largest effect in the experiment 25 0.74 
A two-factor interaction has the second-largest largest effect in the experiment 9 0.26 
   
A main factor has the third-largest effect in the experiment 16 0.47 
A two-factor interaction has the third-largest effect in the experiment 12 0.35 
 

The results support using the effect hierarchy principle when experiments are evaluated. 
When all experiments are included, main factor effects were almost six times as common as 
two-factor interactions. If only full factorials are considered, active main factor effects are 
about four times as common as active two-factor interactions are, and for reduced factorials, 
around ten times as common. 
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Only full factorials had resolution large enough to test activity of three-factor interactions, 
but of the 97 tested only two were active. Thus, the effect hierarchy principle holds for both 
types of experiments. 

The effect heredity principle also appears useful for evaluating unreplicated factorials, see 
Table 4. Of the 31 active two-factor interactions, 27 showed strong heredity implying that 
both main effects would have been selected as active on their own merits. Weak heredity (one 
of the two factors was active on its own) was present in three cases. In only one experiment 
(Reche et al., 2000) was a two-factor interaction active without main factors being active, but 
the two-factor interaction was relatively small and a reanalysis of the experiment indicates a 
need for transformation as well as strong curvature tendencies. If the response is transformed, 
the non-hereditary interaction joins the other inert factors.  
Table 4. Heredity of active two-factor interactions. 
TYPE OF HEREDITY Occurance (31 active two-factor interactions in total) Rate 
Strong heredity 27 0.87 
Weak heredity 3 0.10 
No heredity 1 0.03 

CLASSROOM EXPERIMENT 
The results regarding sparsity, hierarchy and heredity were used to simulate active effects 

in fake experiments using Matlab 7.0.1 software package and the effect estimates were plotted 
in normal probability plots to be used for the classroom experiment. The experiment was 
conducted during an extra lecture where the students received additional tutoring regarding 
experimental analysis by use of normal probability plots. Twenty-four voluntary students 
attended the lecture which started with a quick briefing of the basis for detecting active effects 
in general and using normal probability plots in particular. The students were told that the 
purpose of the experiment was to investigate what type of information could be useful to 
increase the strength of the analysis method.  

The students had all performed three or more factorial experiments as part of their training, 
and one of these included obligatory normal probability plots as analysis instruments. The 
students should thus have been familiar with the normal probability plotting technique to find 
active effects, but a description of the principles was given to refresh their knowledge.  

After the briefing, the students were given the information that results from eight simulated 
42  full factorial experiments with one to four active effects in each experiment had been 

plotted in eight normal probability plots. The students were also informed that experiments of 
this type often contain between one and four active effects, and that these plots were 
simulated to include between one and four active effects, but that the simulated effects were 
small compared to noise, with expected means between 0.5 up to 2 standard deviations of the 
inert effects, and that the active effects also contained random noise. The students were then 
given the task of classifying effects of eight experiments without further knowledge of the 
effects connected with each dot, see example in Figure 1a.  The students were encouraged to 
make their own best bets on which were active.  

After classifying the effects of the eight plots without identification markers, the results 
from the literature survey regarding hierarchy and heredity were presented to the students. 
They were also told that the simulations had been made using the same criteria. The students 
were then given eight new normal probability plots. This time, however, the location of main 
effects and two factor interactions were indicated, see example in Figure 1b. 
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Figure 1a. Simulated normal probability plot without 
indicated effects.  

Figure 1b. Same plot as 1a) but with main effects and 
two-factor interactions indicated. 

After the second set of plots, eight final simulations were presented to the students. The 
plots included markers for main effects and for two-factor interactions. In addition, the 
students were now informed that prior knowledge of the process had shown that if indeed 
main factors A and B were active, they should be positive, whereas if C and D were active 
they had to be negative. With this knowledge, the students then analyzed the results of eight 
final simulations.  

The students’ answer forms were then collected separated into the three groups related to 
the information given and corrected using the same methods. Plots in which students had 
made obvious classification mistakes (such as declaring a two-factor interaction effect close 
to zero active, while not classifying a much larger main effect active) were noted. Forms 
consisting of eight plots without obvious mistakes were separated into one subgroup; forms 
with only one misclassification made up a second subgroup and forms with two or more 
misclassifications were put in third and last subgroup.  

Results from the classroom experiment 
A first reflection when correcting the plots was that using normal probability plots had 

been more difficult than had been expected. In the first round of eight plots, merely three 
students classified all eight plots without making a single obvious classification mistake and 
an additional five had made just one misclassification. During the second round of plots, the 
group that did not make any obvious classification mistakes had now increased to eleven 
students and five with only one error. In the last round of plots, nine students were free from 
mistakes and three had made just one misclassification. 

The classification results for the first subgroup of students that had not classified effects in 
any obviously erroneous manner show that that without knowing the origin of the dots in the 
plots, the students correctly classified 41 percent of all contrasts as active or inert. Of the truly 
active contrasts, about 30 percent were correctly classified. Only the 2 standard deviation 
contrasts were more often classified as active than inert (57 percent correct classifications of 
effects being active or inert), see Figure 2. 

By adding legends to the effects, all numbers improved markedly, but the largest gain in 
power occurred when prior knowledge of main factor effect directions were added. With prior 
knowledge, most active main factor effects were spotted. A limit of where contrasts were 
more often correctly classified than not appears between contrast sizes of 1 to 1.5 standard 
deviations. 1.5 standard deviation contrasts were more often spotted than not, see Figure 2. 
Including correctly classified plots from students making one or several classification errors 
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on other plots, the corresponding results to those in Figure 2 worsened between five and ten 
percent for all types of plots, but the general trends remained. 
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Figure 2. Classification results from the subgroup of “best” students with different amount of prior knowledge. 

CONCLUDING REMARKS AND DISCUSSION 
First, we conclude that the expected results regarding sparsity, heredity, and hierarchy 

were obtained. These principles are valuable and viable, and the hierarchy and heredity 
principles may increase the strength of the normal probability plotting technique.  

However, there are reasons to reflect on the numbers given for rates of active factors, see 
Table 2. In the literature survey, main factor effects were more often active than inert. A built-
in problem of making a literature survey is that experiments rendering no active effects are 
probably less likely to appear in journal articles and book examples, and thus we argue that 
the frequency of activity presented in this paper is probably somewhat overestimated. If main 
effects would be active with the same frequency in highly fractionated experiments, where 
main effects are heavily aliased, the experimenter should have to take special precautions 
during analysis. It would not be unlikely that most contrasts would, in fact, be active when all 
contrasts contain one main factor effect and multiple two-factor interactions. However, 
experimenters performing experiments with a screening purpose often add factors with less 
information regarding their activity than in full factorials often seen later on in the 
experimental work. The results regarding the frequency of active main effects should 
probably be seen as an upper limit in a screening experiment. A trend supporting this notion 
can be noted in Table 2, where main effects are more seldom active in the fractional factorials 
than in the full factorials. We argue that the reason for the higher probability of main factors 
being active in full factorials is that process knowledge often is deeper when these designs are 
run than during screening stages. In fact, many full factorials selected in the literature survey 
were initiated since previous experiments had indicated that some of the main factors and 
interactions were in fact active. It may thus be assumed that that the frequency of activity 
usually will be lower for highly reduced experiments. Since active main factors are less likely 
in fractionated screening designs, the sparsity of effects principle should normally be viable 
also for highly aliased screening contrasts. 
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Recent results from Li et al. (2006) further verify the conclusion of the power of the 
sparsity, hierarchy and heredity principles. A difference regarding the results presented here 
and those of Li et al. (2006), is that the appearance of potential three-factor interaction effects 
were more frequent in that study (4.5-9 percent active) than we saw in this study. A reason for 
this difference may be that Li et al. included investigations excluded in this investigation, for 
instance investigations with indications of curvature and transformation problems.  

The frequent misclassification of truly inert effects as active by the students merits 
consideration. The actual cost of classifying inert effects as active was negligible during the 
classroom experiment; in fact, most analysts would normally see them as inert. Here it was 
stated that every plot included at least one active effect. In many industrial situations, an 
incorrect conclusion about the activity of a factor can lead to costly alterations in, for 
example, process equipment. Sometimes, however, the cost of classifying too many effects as 
active can be small in industrial screening type experiments. Screening experiments are 
typically followed by other experiments such as fold-over experiments and then the cost of 
including one or even two inert effects may be small compared to missing a small but active 
effect, as erroneous effects have good prospects of being detected at later stages. Thus, one 
must always compare the cost of including an erroneous effect against the cost of not 
including an active one.  

Indeed, the results in this paper show that normal probability plots are delicate instruments, 
and that analysis errors are frequent, even if the analysts have been given instructions on how 
to interpret these plots. The conflict between a powerful graphical method and the difficulty 
of using it properly has to be contemplated for every analyst as well as teacher of 
experimental design methods. Therefore, when normal probability plotting techniques are 
taught, it is paramount that the training is thorough. 

It is also concluded that prior knowledge regarding the signs of factors may increase the 
strength of normal probability plotting even further and must be considered as highly useful 
when contrast signs may be anticipated with certainty. Using unequal significance thresholds 
for classifying factors as active based on a-priori information and earlier experiments are not 
uncommon reasoning in other areas, such as bookmaking and in insurance. According to our 
experience, the experimenter can usually anticipate the direction of the effect of the factors 
included in the experiment by consulting process knowledge or knowledge about physical 
relations. We therefore argue that a-priori process knowledge should be applied when 
analyzing the results from an experiment. This is particularly important for unreplicated 
experiments where no independent error estimate is present. In these cases, a-priori process 
knowledge becomes an even more important analytical aid for the experimenter. 

In continuous processes, for example, the range in which factors may be varied may be 
severely restricted, see Hild et al. (2000) and Vanhatalo & Bergquist, (2007). The number of 
possible influential factors may on the other hand be large. There is a substantial risk that 
experiments performed under such circumstances will result in effects that are small 
compared to experimental error. In such situations, a-priori process knowledge can make a 
valuable contribution during analysis. 

Another example is the analysis of split-plot designs. The lower precision of the whole-
plots in split-plot designs can make it hard to detect active whole-plot effects. Goos et al. 
(2006) propose using a higher significance level for the whole plot effects as a possible 
solution to this problem. We argue that this is an example of a situation where process 
knowledge should be allowed to play a more prominent role during analysis. That is, if the 
direction of the whole plot effect converges with prior knowledge a higher significance 
threshold should be acceptable. 

A-priori information does, to our experience, play an important role during analysis of the 
experiment but the same a-priori knowledge is unfortunately often not used to its full potential 
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during the design of the experiment. This is probably often a consequence of insufficient 
experimental planning, as poorly planned experiments will require the experimenter to 
reconsider his or her process knowledge to try to ‘squeeze out’ the information from the 
experiment. As industrial experimentation is expensive, most experimenters will not settle for 
conclusions such as “the effect of treatment A was not quite significant on the 5% 
significance level.” Instead the experimenter will often include process knowledge in 
determining what factors should be considered active. For example, if the effect in question 
corresponds to what was expected, large trust may be put on the result even though the effect 
was not statistically significant. However, we claim that experimenters sometimes go too far 
in this direction. We argue that there must be a balance between statistical rigor and vague gut 
feelings. We also argue that there is much to be gained by using recommendations for 
experimental planning in literature (Coleman et al., 1993) which helps the experimenter to 
thoroughly collect and use such a-priori process knowledge in the planning phase. 

Finally, the results in this paper also indicate that there is a need for both profound process 
knowledge and good statistical skills to use a-priori information when analyzing experiments. 
Unfortunately, it is seldom that these two areas of expertise reside in one person responsible 
for analyzing the experimental results. Hence, as has been argued by many before us - close 
collaboration between people with good process knowledge and people with skills in 
statistical analysis is critical for experimental success.   
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APPENDIX: Interview Guide 

 

Intervjuguide 
 

DEL 1 - INLEDNING 
Presentation 

Intervjuns syfte 

Syftet med denna intervju är att försöka skapa en bild av hur ni för närvarande arbetar med att 
planera, genomföra och utvärdera experiment i EBF:n. Detta för att skapa en bild av hur planering, 
genomförande och utvärdering i dagsläget genomförs på LKAB.  Därför kommer jag att ställa frågor 
kring planerings-, genomförande-, utvärderings- och lärfasen kring ett försök. 

Varför intervjuar jag dig? 

Hur lång tid tar intervjun? 

Behandling av svar 

Jag kommer att spela in vårt samtal för att efteråt kunna skriva en intervjusammanfattning. Jag 
kommer att skicka denna sammanfattning till dig så att du får veta hur jag har tolkat dina svar. 
Meningen är att utnyttja dina och övriga respondenters svar för att skapa en utgångspunkt för 
projektet ”metodutveckling” av experimentmasugnen och dessutom ska det förhoppningsvis vara 
råmaterial till att skriva en artikel. 

Anonymitet 

Eftersom resultaten av dessa intervjuer kommer att utnyttjas när jag skriver artiklar och avhandling så 
undrar jag om det är okej att referera till dig med ditt namn eller om du hellre vill att dina svar ska 
behandlas anonymt? 

Kontaktinformation 

Är det okej att jag kontaktar dig även senare efter intervjun om jag skulle behöva ställa kompletterande 
frågor?  

Därför tänkte jag redan nu ta dina kontaktuppgifter: 

Namn:____________________________________________ 

Telefonnummer: 

E-mail:___________________________________________ 

 

DEL 2 – OM RESPONDENTEN 
Jag tänkte börja med att ställa några frågor om dig och din bakgrund. 

1. Du kan väl börja med att kortfattat beskriva dina arbetsuppgifter här på LKAB F&U? 

2. Hur länge har du jobbat på LKAB F&U? 

3. Vad har du jobbat med innan du kom hit till LKAB F&U och vilka arbetsuppgifter hade du där? 

4. Hur ser din utbildningsbakgrund ut? (av speciellt intresse ev. statistikkunskaper) 

5. Har du kommit i kontakt med någon kurs i försöksplanering? Hur upplevde du den i sådana 
fall? 

6. Hur många försökskampanjer har du själv aktivt deltagit i här på LKAB F&U? (planerat, 
genomfört, utvärderat)? 
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DEL 3 – SYNKNING AV BEGREPP 
Nu tänkte jag ställa några frågor bara för att säkerställa att vi ska förstå vad vi menar med olika 
begrepp. 

7. Varför genomför man försök på LKAB och i allmänhet? 

8. Vad innebär uttrycket ”delförsök” i experimentmasugnen för något för dig? 

9. Ser du någon skillnad mellan ett delförsök och en ”försöksomgång” i experimentmasugnen? 

10. Vad är en ”försökskampanj” för dig? Hur förhåller sig försökskampanjen till försöksomgångar 
och delförsök?  

11. Vad skulle du innefatta i begreppet ”planering” av försök? 

12. Vad skulle du innefatta i begreppet ”genomförande” av försök? 

13. Vad skulle du innefatta i begreppet ”utvärdering” av försök? 

 

DEL 4 – PLANERINGSFASEN (PLAN) 
Nu tänkte jag uppehålla mig ett tag vid frågor som rör planering av försökskampanjer, 
försöksomgångar och enskilda försök. 

Ostyrd, öppen fråga 

14. Jag tänkte be dig att fritt berätta om på vilket sätt du är inblandad i planering av försök i 
experimentmasugnen och hur du arbetar med detta? 

Vilka försök utförs, identifieras ett kunskapsgap? 

15. Hur går det till när det beslutas om vilka försök som ska genomföras i experimentmasugnen? 

a. Vem? 

b. Vad? 

c. På vilka grunder? 

d. När? 

16. Hur mycket kostar det att genomföra försök i experimentmasugnen? (råmaterial, tid, slitage, 
haverier mm.) 

17. Kan du ge ett exempel på ett konkret syfte med: 

a. En försökskampanj? 

b. Ett enskilt försök inom en försökskampanj? 

18. Dokumenteras syftet med försökskampanjen och de enskilda försöken? (alla behöver ej 
tillfrågas) 

19. Känner du att du alltid är medveten om syftet med en försökskampanj och de enskilda 
försöken som du är inblandad i?  

20. Anser du att alla berörda kan sägas vara införstådda med syftet? 

a. Vilka är berörda? 

21. Finns någon ”problembank” med tidigare försökssyften? Använder du den? 

 

Planeringsprocessen för kommande försökskampanjer? 

22. Är du inblandad i planeringen av nya försökskampanjer? 

a. På vilket sätt är du inblandad? 

b. Hur mycket tid lägger du ned? 
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23. Kan du berätta hur du går tillväga när du ska planera en ny försökskampanj översiktligt? 

a. Berätta gärna om den senaste kampanjen som du varit inblandad i. 

b. Finns det moment som alltid eller oftast utförs under planeringen av nya kampanjer? 
Med moment menar jag aktiviteter som återkommer vid varje kampanjplanering. 
(Processkarta) 

Planeringsprocessen för försöksomgångar inom en kampanj? 

24. Är du inblandad i planeringen av enskilda försöksomgångar inom en försökskampanj? 

a. På vilket sätt? 

b. Hur mycket tid lägger du ned? 

25. Kan du berätta hur du går tillväga när du ska planera en ny försöksomgång inom en 
försökskampanj översiktligt? 

a. Berätta gärna om den senaste försöksomgången du varit med och planerat? 

b. Finns det moment som alltid eller oftast utförs under planeringen av nya 
försöksomgångar? Med moment menar jag aktiviteter som återkommer vid varje 
kampanjplanering. (Processkarta) 

Dokumentation av försökskampanj, försöksomgång? 

26. Dokumenterar du någonting rörande försökskampanjen eller enskilda försöksomgångar? 

a. Kan du ge exempel på när och vad du dokumenterar? 

b. Hur ser den dokumentationen i sådana fall ut? 

c. Har du någon nytta har du av dokumentationen? 

27. Finns rutiner för hur denna typ av dokumentation ska se ut? 

a.  Hur ser i sådana fall rutinerna ut? 

Val av resultatvariabler (Y) i förväg och dokumentation? 

28. Vad är en resultatvariabel för försöket för dig? 

a. Kan du ge exempel på resultatvariabler som används för att utvärdera försök? 

29. Vet du i förväg vilken/vilka resultatvariabler i försöket som du kommer att använda för att dra 
slutsatser i försöket? 

a. I sådana fall, hur väljer du ut dem? 

b. Hur många resultatvariabler används vanligtvis? 

c. Dokumenterar du dessa i förväg? 

Val och prioritering av försöksfaktorer (X)? 

30. Vad är en försöksfaktor för dig? 

a. Kan du ge exempel på försöksfaktorer som används i experimentmasugnen? 

31. Kan du berätta hur du går tillväga när du ska välja ut försöksfaktorer som ska testas i 
experimentmasugnen? 

a. Behöver du någonsin prioritera du mellan potentiella försöksfaktorer? 

b. Hur dokumenteras detta? 

32. Hur går du tillväga när du väljer ”nivåer” på försöksfaktorerna? 

a. Finns struktur kring hur man ska välja nivåer på försöksfaktorer? 
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Identifiering av faktorer som ska hållas konstanta? 

33. Finns det tillfällen då du väljer att försöka hålla vissa faktorer konstanta i försöken? 

a. Hur identifieras sådana faktorer? 

b. I sådant fall dokumenterar du dessa i förväg? 

c. Finns strategier för att också se till att de hålls konstanta? 

d. Om ja, hur ser den strategin ut? 

Hantering av störfaktorer i planeringsfasen? 

34. Vad är en ”störfaktor” i ett försök för dig?(Det finns både tekniska (fukthalt, tapptid) och icke-
tekniska störfaktorer (skiftlag, sjukdom). 

a. Kan du ge exempel på störfaktorer som kan påverka försöken i 
experimentmasugnen? 

35. Anser du att du i förväg kan identifiera ”störfaktorer” som kan komma att påverka försöket? 

a. Om du i förväg känner till faktorer som kan komma att störa resultatet och tolkningen 
av försöket – hur hanterar du detta i planeringen av försöket? 

Hantering av samspelseffekter i planeringsfasen? 

36. Är du bekant med ett fenomen som kallas ”samspelseffekter” mellan försöksfaktorer? 
(dvs. då nivån på en viss försöksfaktor påverkar effekten som en annan försöksfaktor har på 
resultatvariablerna) 

a. Kan du ge exempel på samspelsfaktorer/samspelseffekter som kan uppkomma i 
experimenstamsugnen? 

37. Om du i förväg misstänker att det kan uppstå samspelseffekter – hur hanterar du det i 
planeringen av försöket? 

Resultatvariablers och faktorers normala nivåer och variation innan ett försök och 
mätprecision? 

38. Vet du innan ett försök vad som är normala nivåer för resultatvariabler och försöksfaktorer 
samt vilka avvikelser från dessa som kan sägas vara nog stora för att man ska veta att man 
har fått en effekt? 

a. I sådana fall hur har du tagit reda på det? 

b. Dokumenteras det? 

39. Känner du till mätprecision och mätfel hos de mätvärden du använder vid utvärdering av 
försöket? 

a. I sådana fall – hur tar du reda på det? 

Försöksuppställningar och faktorförsök? 

40. Vad är en planerad ”försöksuppställning” (försöksplan) för dig? (Diskutera) 

a. Skapar du i förväg någon försöksuppställning för försöken? 

b. På vilket sätt är dessa i sådana fall uppbyggda? 

41. Är du bekant med begreppet ”faktorförsök”? (Diskutera) 

a. Används faktorförsök vid experiment i experimentmasugnen? 

42. Är du bekant med begreppet ”reducerade försöksplaner”? (Diskutera) 

a. Används reducerade försöksplaner vid experiment i experimentmasugnen? 

43. Använder du någon form av slumpmässig utformning av försöksuppställningen? 

a. Hur går detta i sådana fall till? 
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44. Upplever du att det kan finns faktorer som är svåra eller opraktiska att ofta ställa om vid försök 
i experimentmasugnen? 

a.  Hur hanteras det i sådana fall? 

Finns begränsningar i variabler (försöksfaktorers) inställningar? 

45. Säkerställer du i förväg att de nivåval som du gjort på försöksfaktorerna är möjliga att 
genomföra i experimentmasugnen? 

a. Inträffar det att det finns kombinationer av nivåval som blir omöjliga att testa? 

b. Hur hanterar du i sådana fall det? 

46. Finns processmodeller som ligger till grund för försöken och valet av försöksfaktorer? 

a. Hur ser dessa i sådana fall ut och vem är ansvarig för att ta fram dem? 

På vilket sätt tas lärdomar från tidigare försöksomgångar om hand och utnyttjas i planering, 
genomförande och utvärdering av nya försök? 

47. Använder du dig av erfarenheter från tidigare försökskampanjer när du planerar nya 
kampanjer? 

a. Vilken typ av erfarenheter använder du dig av? 

b. Använder du någon dokumentation från tidigare försökskampanjer eller 
försöksomgångar när du planerar nya försök? 

c. Finns det något specifikt som du regelbundet tittar på från tidigare försök när du ska 
planera nya försök? 

 

DEL 5 – GENOMFÖRANDEFASEN (DO) 
Nu tänkte jag komma in på frågor som rör genomförandefasen av försökskampanjer, 
försöksomgångar och enskilda försök. 

Ostyrd, öppen fråga 

48. Jag tänkte be dig att fritt berätta om på vilket sätt du är inblandad i genomförande av 
försökskampanjer, försöksomgångar och enskilda försök i experimentmasugnen och hur du 
arbetar med detta? 

Organisering av genomförandefasen av en försökskampanj vid experimentmasugnen? 

49. Hur ser organisationen ut kring genomförandet av en försökskampanj? 

a. Vilka är inblandade, hur många, från LKABs sida och andra? 

b. Vem ansvarar för vad? 

c. Möten, vilka, hur ofta? 

d. Beslutsfattning – hur går det till? 

e. Finns rutinbeskrivningar för genomförandefasen? 

f. Hur mycket tid läggs på genomförandet (i förhållande till planering och utvärdering)? 

På vilket sätt nyttjas arbetet från planeringsfasen under försökens genomförande? 

50. Använder du resultatet av det arbete du lagt ned under planeringen av försöken medan du 
genomför dem? 

a. I sådana fall hur? 

b. Anser du att du har nytta av det arbete som är nedlagt under planeringen av försöket 
medan du utför försöken? 

c. Vad i planeringsarbetet har man mest nytta av när man genomför försök? 
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Vilka typer av ”problem” kan tillstöta under genomförandet av försök i experimentmasugnen? 

51. Upplever du någonsin några problem eller komplikationer som inträffar under genomförandet 
av ett försök? Med problem och komplikationer menar jag dels praktiska svårigheter och 
oväntade händelser som du vet kommer att försvåra tolkningen av resultaten. 

a. Kan du ge något exempel på ett problem eller komplikation? 

b. Hur hanteras dessa problem? 

c. Förs det någon loggbok under försökens genomförande där dessa problem kan 
återfinnas i efterhand? 

Sker förändringar av experimentutrustning eller råmaterial under försökens gång? 

52. Finns det tillfällen då experimentutrustning eller råmaterial förändras under försökens gång? 

a. Dokumenteras detta? 

b. Kan sådana förändringar påverka analysen av försöken? 

c. Finns strategier för att säkerställa att försöksresultaten inte påverkas? 

 

DEL 6 – UTVÄRDERINGSFASEN (STUDY) 
Nu tänkte jag ställa ett antal frågor som rör utvärderingsfasen av försökskampanjer, försöksomgångar 
och enskilda försök. 

Ostyrd, öppen fråga 

53. Jag tänkte börja med att be dig att fritt berätta om på vilket sätt du är inblandad i 
utvärderingsfasen av försökskampanjer, försöksomgångar och enskilda försök i 
experimentmasugnen och hur du arbetar med detta? 

Generell arbetsprocess vid utvärdering av försök och försökskampanjer? 

54. Kan du berätta om på vilket sätt du vanligtvis arbetar med utvärdering av försök? 

a. Vilka steg genomgås? 

b. Hur lång tid tar det? 

c. Hur lång tid efter försöken genomförs utvärderingen? 

d. Hur många personer är inblandade? 

Hur avgörs effekters statistiska signifikans? 

55. På vilket sätt arbetar du när du ska avgöra om en försöksfaktor sannolikt påverkar en eller 
flera resultatvariabler? 

a. Vilka metoder använder du? 

b. Använder du dig av några speciella ”begrepp”? 

c. Kan du avgöra om en försöksfaktor har en statistiskt signifikant påverkan på en 
resultatvariabel? 

Används analyshjälpmedel vid utvärderingen av försök? 

56. Använder du några analyshjälpmedel när du ska utvärdera resultatet av ett försök? 

a. Datorprogram? 

b. Använder du några statistiska analyshjälpmedel? 

c. Multivariata analysmodeller? 

d. Statistisk processtyrning, styrdiagram? 
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På vilket sätt dokumenteras resultatet av utvärderingen? 

57. Hur dokumenteras och rapporteras resultat 

a. Av varje försöksomgång? 

b. Av försökskampanjen? 

Upplevda svårigheter under utvärderingsfasen? 

58. Upplever du att det finns något som är svårt eller problematiskt när det gäller utvärderingen av 
ett försök?  

a. Kan du ge exempel på svårigheter och problem? 

b. Hur hanterar du dessa problem och svårigheter? 

Hur påverkar processtabiliteten tolkningen av försök gjorda i EBF? 

59. Anser du att processtabiliteten i EBF:n påverkar möjligheten att tolka de resultat som fås fram 
under experimenten? 

a. På vilket sätt påverkas tolkningen? 

b. Hur hanterar du processtabilitet vid utvärderingen av försök? 

Fråga som egentligen gäller alla faser! 

60. Hur hanteras osäkerhet runt EBF, sådant som händer utan att instrument detekterar det? 
(exempel, material som bygger upp, hängningar och slips?) 

 

DEL 7 – AVSLUTNING 
Nu har jag inte några fler förberedda frågor till dig. 

61. Har du något mer som du skulle vilja ta upp, kommentera eller fråga om innan vi avslutar 
intervjun? 

Jag hoppas att det är okej om jag återkommer till dig om det skulle vara något som jag behöver 
komplettera eller fråga om. 

 

TUSEN TACK FÖR ATT DU TOG DIG TID ATT MEDVERKA! 

 

 

 




