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Abstract

For decades, many efficient statistical improvement methods have been 
available to improve the quality of processes and products. Statistical process 
control (SPC), process capability analysis (CA), and design of experiments 
(DoE) are among the most powerful process monitoring and problem-solving 
methods in the quality engineering toolbox. SPC and CA are methods that are 
more directed toward monitoring existing processes and assessing their 
capability related to customer requirements, while DoE typically is used to 
improve products and processes. It is increasingly difficult to understand and
control industrial processes and products because of the increasing complexity 
of technical systems. Among the complications for statistical analysis of 
measurements in continuous industrial processes are the multitude of variables 
and the combination of high-frequency sampling of the measurement systems 
and process dynamics. Therefore, in industry today, process data are often 
multivariate as well as autocorrelated (i.e., dependent in time).

The purpose of this research is to support the application of SPC, CA, and 
DoE. More specifically, the aims of this research are: [1] to analyze the use, and 
related barriers, of SPC, CA, and DoE in organizations; [2] to provide guidance 
in selection of appropriate decision methods for Cpk when data are 
autocorrelated; and [3] to adapt methods for analyzing designed experiments to 
manage dynamic process behavior and autocorrelation in continuous processes.

The main contribution of this research is that it explicitly illustrates and 
describes special considerations and problems that can be encountered when 
planning, conducting, and analyzing real experiments in continuous industrial 
processes. Other contributions of this research are: the practical use and 
development of adapted analysis procedures for experiments in continuous 
processes; the presentation of comparative data that helps in the selection of 
decision methods for Cpk when data are autocorrelated; and the analysis of 
barriers that hinder the use of statistical methods in Swedish organizations.





Sammanfattning

Effektiva statistiska metoder för att förbättra kvaliteten av processer och 
produkter har funnits i många decennier. Statistisk processtyrning, 
duglighetanalys och försöksplanering är bland de mest kraftfulla 
processövervaknings- och problemlösningsmetoderna inom kvalitetsfältet. 
Statistisk processtyrning, och duglighetanalys är mer inriktade mot övervakning 
av befintliga processer och bedömning av deras duglighet jämfört med 
kundkrav, medan försöksplanering vanligtvis används för att förbättra produkter 
och processer. Det blir allt svårare att förstå och kontrollera industriella 
processer och produkter på grund av den ökande komplexiteten i tekniska 
system. Försvårande omständigheter för statistisk analys av mätningar i
kontinuerliga industriella processer är de många tillgängliga variabler och 
kombinationen av högfrekvent provtagning av mätsystemen och 
processdynamiken. Processdata är därför ofta multivariat och autokorrelerad 
(dvs. beroende i tiden) i dagens industri.

Syftet med denna forskning är att stödja tillämpningen av statistisk 
processtyrning, duglighetanalys, och försöksplanering. Mer specifikt är målen
med denna forskning: [1] att analysera användandet och relaterade barriärer av 
statistisk processtyrning, duglighetanalys, och försöksplanering i organisationer; 
[2] att ge vägledning i val av lämplig beslutsmetod för Cpk när data är 
autokorrelerad; och [3] att anpassa metoder för att analysera experiment genom 
att hantera dynamisk processbeteende och autokorrelation i kontinuerliga 
processer.

Det främsta bidraget med denna forskning är att den uttryckligen illustrerar
och beskriver särskilda överväganden och problem som kan uppstå vid 
planering, genomförande och analys av verkliga experiment i kontinuerliga 
industriella processer. Andra bidrag av denna forskning är praktisk användning 
och utveckling av anpassade analysmetoder för experiment i kontinuerliga 
processer, presentation av jämförande data som hjälper till med valet av 
beslutsmetoder för Cpk när data är autokorrelerad och analys av barriärer som 
försvårar användningen av statistiska metoder i svenska organisationer.





Contents

Chapter 1 – Introduction...................................................................................... 1
1.1. Background............................................................................................................ 1
1.2. Process industry .................................................................................................... 4
1.3. Statistical methods in continuous processes.................................................... 7
1.4. Research purpose and aims................................................................................. 9

Chapter 2 – Background to Statistical Methods ............................................... 11
2.1. Statistical process control ................................................................................. 11
2.2. Process capability analysis ............................................................................... 12
2.3. Design of experiments ....................................................................................... 14
2.4. Time series analysis ........................................................................................... 16

Chapter 3 – Research Methods .......................................................................... 17
3.1. My research process........................................................................................... 17
3.2. Research purpose, approach, and strategy ..................................................... 21
3.3. Literature review ................................................................................................ 23
3.4. Data collection and analysis ............................................................................. 24
3.5. Research quality ................................................................................................. 27
3.6. Summary of methodological choices.............................................................. 29

Chapter 4 – Summary of Appended Articles ..................................................... 31
4.1. Article I ................................................................................................................ 31
4.2. Article II ............................................................................................................... 33
4.3. Article III ............................................................................................................. 35
4.4. Article IV ............................................................................................................. 37
4.5. Article V............................................................................................................... 39

Chapter 5 – Main Results................................................................................... 41
5.1. Connection of results and aims ........................................................................ 41
5.2. Author´s contribution ........................................................................................ 44

Chapter 6 – Discussion and Contributions ....................................................... 45
6.1. Discussion of the research process.................................................................. 45
6.2. Contributions....................................................................................................... 46
6.3. Further research .................................................................................................. 49

Appendix I – The Blast Furnace Process.......................................................... 51
Appendix II – The Steel Casting Process .......................................................... 53
Appendix III – The Survey................................................................................. 55
Appendix IV – Guidelines for Designing Experiments .................................... 63
References...........................................................................................................65





Appended Articles

This thesis includes five articles, appended in full, which are summarized and 
discussed in the thesis.

I Lundkvist, P., Bergquist, B. and Vanhatalo, E.
Statistical Methods – Still Ignored? The Testimony of the Alumni
Submitted for publication.

II Lundkvist, P., Vännman, K. and Kulahci, M.
A Comparison of Decision Methods for Cpk When Data are Autocorrelated
Quality Engineering, 2012; vol. 24, issue 4, p. 460-472.

III Lundkvist, P. and Vanhatalo, E.
Identifying Process Dynamics through a Two-Level Factorial Experiment
Quality Engineering, 2014; vol. 26, issue 2, p. 154-167.
(2015 recipient of the American Society for Quality Statistics Division’s 
Søren Bisgaard Award)

IV Lundkvist, P. and Bergquist, B.
An Experimental Study of Oscillation Mark Depth in Continuous
Casting of Steel
Ironmaking and Steelmaking, 2014; vol. 41, issue 4, p. 304-309.

V Lundkvist, P.
Analyzing Two-Level Factorial Designs with Time Series Responses and
Dispersion Effects
Submitted for publication.





Conference presentations

During my time as a PhD student I have had the opportunity to make the 
following conference presentations. The conference contributions are either 
early versions of the appended articles or presentations based on the appended 
articles.

Vanhatalo, E., Lundkvist, P. and Bergquist, B.
Experiments and Process Analysis in Continuous Processes.
Bergforsk; Luleå, Sweden. May 4, 2010.

Lundkvist, P. and Vännman, K.
How to Test for Process Capability Using Cpk When Data are 
Autocorrelated.
10th Annual Conference of the European Network for Business and 
Industrial Statistics; Antwerp, Belgium. September 12-15, 2010.

Lundkvist, P., Vännman, K. and Kulahci, M.
A Comparison of Decision Procedures for Cpk When Data are 
Autocorrelated.
11th Annual Conference of the European Network for Business and 
Industrial Statistics, Coimbra, Portugal. September 5-8, 2011.

Lundkvist, P. and Vanhatalo, E.
Identifying Process Dynamics Through a Two-Level Factorial 
Experiment.
Invited speaker at the 58th Annual Fall Technical Conference, Richmond, 
USA. October 2-3, 2014.





Part I





1

Chapter 1

Introduction

This chapter presents the background to the research area. Afterwards, the 
research purpose is presented and specified regarding its aims.

1.1. Background
The bottom line objective of quality improvement is to increase profitability by 
increasing customer value or reducing total cost (Bisgaard & Freiesleben, 2004).
For decades, many efficient statistical improvement methods have been 
available to improve the quality of processes and products (Box et al., 2005).
Statistical process control (SPC), process capability analysis (CA), and design of 
experiments (DoE) are usually considered among the most powerful process 
monitoring and problem-solving methods in the quality engineering toolbox.
SPC (Shewhart, 1931) and DoE (Fisher, 1925) have been around for almost a 
century, while CA has a history of around forty years (Juran, 1974). Moreover, 
SPC and CA are methods that are more directed toward monitoring existing 
processes and assessing their capability, while DoE typically is used to improve 
products and processes.

However, the best of methods are of little value if no one uses them. As 
discussed in the following, even though the results of published studies on the 
use of statistical methods are mixed, one conclusion is that SPC, CA and DoE 
have been used sparingly at best, especially if use is defined as a systematic 
application of the methods. All identified literature covering quantitative 
investigations of the use of SPC, CA, and DoE were conducted in Europe, with 
several studies conducted within Sweden. In a survey of Swedish industry, 
Deleryd (1996) found that 47% of the responding companies had used CA. 
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Gremyr et al. (2003) interviewed product development managers and quality 
managers from 105 Swedish manufacturing companies, 53% of whom stated 
that their companies used DoE and 60% of whom reported usage of SPC and 
CA. Bergquist and Albing (2006) investigated the use of SPC, CA, and DoE in 
Swedish companies where university alumni were employed. In that study, 44% 
of the participating companies were found to have at least tested SPC while 33% 
and 23% had at least tested CA and DoE, respectively. However, if use is
defined as something more than just occasional trials, these numbers fall to 27% 
for SPC, 2% for CA, and 17% for DoE (Bergquist & Albing, 2006). Bergquist 
and Albing (2006) also found lack of knowledge and competence among 
engineers to be a major barrier to the more extensive use of statistical methods. 
In a later study targeting Swedish production managers, Poksinska et al. (2010)
found that SPC and DoE were seldom used and that many respondents did not 
recognize the concepts. Furthermore, in a study of Basque industries in Spain, 
Tanco et al. (2008) found that while 94% of the participating organizations
conducted experiments, only 20% used statistically planned designs. The same 
group of authors then investigated the gap between the rapid theoretical 
development of DoE methods and their slow uptake in commercial practice 
(Tanco et al., 2010; Tanco et al., 2009). These studies led to the identification of 
16 barriers that hinder the application of DoE in industry. Two of the most 
important barriers were low commitment among managers and the users’ limited 
statistical knowledge. These types of studies that investigates barriers that hinder 
the application of statistical methods, such as SPC, CA, and DoE, has not been 
made in Swedish organizations. Hence, further research about the use and 
barriers that hinder the application of SPC, CA, and DoE are a valuable 
contribution to understand and improve the use of the statistical methods in 
Swedish organizations.

According to Bergquist and Albing (2006) and Tanco et al. (2010), a
methodological challenge is to support the application of statistical methods.
This research focuses on three statistical methods: SPC, CA, and DoE, which 
are described thoroughly in well-known textbooks. SPC and CA are covered in, 
for example, Montgomery (2012b), and DoE in, for example, Montgomery
(2012a) and Box et al. (2005). In this thesis I use the following general 
definitions of the purpose of the methods. The purpose of:
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SPC is to reduce process variation through the identification and 
elimination of assignable causes of variation and to monitor the process 
over time.

CA is to measure and analyze the variability of a product’s quality 
characteristic(s) to assess the ability of the process to meet product 
specifications.

DoE is to systematically and statistically plan, conduct, and analyze 
experiments to improve products and processes.

The decision to focus on these three methods can also be motivated by the 
fact that they can be combined in problem solving in a cyclical pattern as shown
in Figure 1. Traditionally, the application of these tools has been most frequent 
in manufacturing, but they are also used in many other sectors such as services
(Gustafsson et al., 1999).

Figure 1. A cyclical problem-solving process involving SPC, CA, and DoE.
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1.2. Process industry
One study estimates that process industries constitute nearly one third of all 
global manufacturing industries in terms of revenues (Lager, 2011). Process 
industries can be found in, for example, the mining and steel industries,
chemical industries, and pulp and paper industries.

Process development in process industry is a critical concern for sustained 
industrial development and corporate competitiveness, where the primary focus 
is on internal production objectives (Lager, 2002; Pisano, 1996). Specific 
objectives of such development may be reduction of production costs, higher 
production yields, or more environment- and worker-friendly production (Lager, 
2002). A competitive necessity for process industries to survive in global 
competition is the ability to continuously upgrade and develop their production 
process (Brown & Eisenhardt, 1995; Lager, 2011; Skinner, 1992).

Process industries have characteristics that are very different from 
traditional manufacturing industries (Utterback, 1996), including the following:

The input materials are mainly raw materials or natural resources instead 
of components from suppliers. (Barnett & Clark, 1996; Lager, 2002)

The raw materials often come from mining and agricultural industries and 
this means that the materials often exhibit natural variation. (Fransoo & 
Rutten, 1994; Gunasekaran, 1998)

Products are non-assembled, meaning that they are composed of only one 
or a few materials. (Utterback, 1994)

Although batch-based production is quite common, production in process 
industry is often geared more toward continuous production. In 
continuous production, a product gradually passes through a series of 
different operations with minimal interruptions, often in the form of 
liquids, powders, slurries, and other non-discrete states. (Dennis & 
Meredith, 2000; Fransoo & Rutten, 1994)
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These characteristics affect the design and operation of the process plant. In 
particular, process industries often have inflexible and costly equipment, with 
unique production processes producing only a specific product. Furthermore, the 
production process is often highly automated with online control in real time.
Due to these factors, the production process is inflexible and therefore difficult 
to change. (Lager, 2011)

The design of continuous processes often includes, for example, tanks, 
reactors, chemical reactions, buffer systems, reflux flows, mixing, product state 
changes, and so on, which typically make continuous processes dynamic (Black-
Nembhard & Valverde-Ventura, 2003; I. W. Saunders & Eccleston, 1992; 
Vanhatalo et al., 2010).

Challenges in using statistical methods in process industry
The cause-and-effect relationship between processing conditions and end-
product characteristics can be hard to establish, especially if the process is 
dynamic and affected by disturbances and noise (Vanhatalo & Bergquist, 2007).
However, when the dynamic relation between responses and process variables is 
known, matching the relations becomes necessary for identification of cause-
and-effect relationships between processing conditions and end-product 
characteristics (Vanhatalo & Bergquist, 2007).

The responses from the processes are often measured with high sampling 
frequencies, which in combination with slow dynamic behavior often leads to 
autocorrelated response variables (Fransoo & Rutten, 1994; Hild et al., 2000; I. 
W. Saunders et al., 1995; Vanhatalo & Bergquist, 2007). Autocorrelation can be
described as a serial dependence between observations in time, as when, for 
example, the current observation depends on the previous observation.
Furthermore, when data are autocorrelated, it is natural to look towards methods 
in the time series analysis field since they can model the autocorrelation among 
the response observations. In particular, transfer function-noise models allow for 
modeling of the dynamic relation between experimental factors and the response 
(Bisgaard & Kulahci, 2006; Box et al., 2008; Vanhatalo et al., 2013). It is also 
possible to remove or reduce the time-dependence of measurements by 
increasing the sampling interval, but this is a costly strategy as the experiment is 
prolonged. The experiment can also be prolonged due to process dynamics, 
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where reactions of the process to disturbances and changes of process variables 
may require some transition time in order to reach a new steady state.

When conducting experiments in continuous processes it is important to 
monitor and control the process (Vanhatalo & Bergquist, 2007). One way to 
create process stability in such processes is with the use of automatic control 
systems (Vanhatalo & Bergquist, 2007). However, this kind of control system 
can counteract changes of process variables (Vanhatalo, 2009). Therefore, when 
doing experiments, it is sometimes more interesting to look at the changes in 
other process variables than at changes of the response variables (Hild et al., 
2000).

Industrial experiments
The purpose of a statistically planned experiment is to measure the effects that 
the controlled factors have on the output(s), while all other factors are to be held 
at a constant level (see Figure 2). In reality, the response is often affected by so-
called disturbance factors, which are factors that are impossible, or too 
expensive, to control during an experiment. Disturbances frequently occur in 
real processes and should therefore be expected when performing experiments 
on large scales (Vanhatalo & Bergquist, 2007). An experiment can be defined as 
a test or series of runs in which purposeful changes are made to the input 
variables of a process or system so that the reasons for changes may be observed 
and identified in the output response; see Montgomery (2012a, p. 1).

Industrial experimentation is costly, especially in full-scale continuous 
processes due to, for example, process dynamics causing lengthy experiments,
the large number of people involved, complex machinery, the large amount of 
materials handled, disturbances, and logistical issues (Vanhatalo & Bergquist, 
2007). Therefore, it is important to maximize the information output while at the 
same time minimizing the resources for producing information. Note that the 
cost should be weighed against the benefits of the experiments. A way to 
achieve this is through DoE, which includes powerful methods such as factorial
designs (Box et al., 2005; Montgomery, 2009; Wu & Hamada, 2000). In 
factorial designs, several experimental factors are studied simultaneously instead 
of one at a time. In fact, Montgomery (2012a) considers two-level factorial 
designs to be the cornerstone of industrial experimentation.
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Figure 2. A general model of a process (system) under experimentation, where 

changes in the output responses (yr) due to changes of controllable 

factors (xs) are measured. In addition, the process (system) is often 

affected by uncontrollable factors (zq) as well. The figure is adapted 

from Vanhatalo (2009, p. 2) and Montgomery (2012b, p. 13).

1.3. Statistical methods in continuous processes
DoE is a fairly common method when doing experiments. However, the most 
common applications used as examples are for non-continuous processes
(Montgomery, 2009; Wu & Hamada, 2000), while issues like process dynamics,
autocorrelated response data, and multivariate data are typically not addressed in 
DoE literature. However, some prior work explicitly focusing on DoE in 
continuous processes are, for example, Vanhatalo et al. (2013), who suggest a 
new analysis methods for two-level factorial experiments with time series 
responses; Vanhatalo et al. (2010), who provides a method to determine 
transition time for experiments in dynamic processes; Vanhatalo and Bergquist 
(2007), who bring up special considerations when planning experiments in 
continuous processes; Saunders et al. (1995), who give examples of algorithms 
to maximize the number of level changes for experiments in continuous 
processes; and Saunders and Eccleston (1992), who provide some 
recommendations about the proper sampling interval of the responses when 
doing experiments in continuous processes. However, research on how to adapt 
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DoE and other statistical methods when data are autocorrelated was insufficient.
Hence, further research on DoE in process industry is a valuable contribution to 
improve the use of experiments in continuous processes. Specifically, it would 
be of interest to investigate how to analyze process data when the traditional 
analysis methods are not suitable, for example, when response data are 
autocorrelated time series and affected by dynamic process behavior.

The purpose of time series analysis is to develop stochastic and dynamic 
models to analyze the dependence between adjacent observations (Bisgaard & 
Kulahci, 2011). Some prior works explicitly focusing on time series analysis 
when experimenting in continuous processes are, for example, Vanhatalo et al. 
(2013), who suggest a new analysis method for two-level factorial experiments 
with time series responses; Bisgaard and Kulahci (2011, ch. 8.8), who propose a 
structured approach based on six steps to fit a transfer function-noise model for 
a time series with multiple inputs; Bisgaard and Khachatryan (2011), who show 
how intentional or inadvertent process changes can offer an opportunity to 
identify and estimate aspects of the dynamic behavior based on time series 
intervention analysis; and Vanhatalo et al. (2010), who provide a method to 
determine transition time for experiments in dynamic processes. However, the 
proposed six step approach above has not yet been tested in a real experimental 
setup, for example, in process industry. The lack of empirical support for the six 
step approach suggests that there may be other requirements that also need to be 
met before transfer function-noise models can be used to analyze such 
experiments (for example, missing data or disturbances that affect the collected 
data).

Within the field of CA, process capability indices were introduced to give a 
quick indication of the capability of a particular process to meet customer 
expectations. The indices are based on the assumption that data are independent 
and identically distributed with a normal distribution. Of these assumptions, the 
normal distribution assumption has received most attention in the literature; see 
Kotz and Lovelace (1998) and Pearn and Kotz (2006). However, in practice 
there are also other conditions that are not always fulfilled. In the presence of 
autocorrelation, the standard error of the estimated index is affected (Vännman 
& Kulahci, 2008). Hence, tests and confidence intervals based on the 
assumption of independence are not valid when autocorrelation is present. 
However, for example, Lovelace et al. (2009), Vännman and Kulahci (2008),
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Wallgren (2001), and Zhang (1998) provide decision methods that handle issues
according to autocorrelation when using the capability indices Cp and/or Cpk.
The process capability index Cpk is often more useful than Cp, from a 
practitioner’s point of view, since Cpk takes changes in process spread as well as 
by changes in process location into account. Another advantage is that Cpk can 
be used for characteristics where only one specification limit is relevant. 
However, there is insufficient information on how well these decision methods 
work in practice and which one performs the best.

1.4. Research purpose and aims
The overall purpose of this research is to support the application of SPC, CA, 
and DoE. More specifically, the aims of this research are:

Aim 1. To analyze the use and related barriers of SPC, CA, and DoE in 
organizations.

Aim 2. To provide guidance in selection of appropriate decision methods 
for Cpk when data are autocorrelated.

Aim 3. To adapt methods for analyzing designed experiments to manage 
dynamic process behavior and autocorrelation in continuous 
processes.
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Chapter 2

Background to Statistical Methods

This chapter presents short introduction to the central statistical methods
discussed in this thesis and highlights some of the challenges that may arise 
when using these methods in continuous processes.

2.1. Statistical process control
The purpose of statistical process control (SPC) is to reduce process variation 
through the identification and elimination of assignable causes of variation and 
to monitor the process over time. Frequently used tools of SPC are histograms, 
Pareto charts, Ishikawa diagrams, scatter plots, and especially univariate control 
charts such as the Shewhart control chart (Shewhart, 1931), cumulative sum 
(CUSUM) control chart (Page, 1954), and exponentially weighted moving 
average (EWMA) control chart (Roberts, 1959).

The control chart is a useful process monitoring technique to detect unusual 
sources of variability, where a systematic use of a control chart is an excellent 
way to reduce variability (Montgomery, 2012b). A typical Shewhart type control 
chart plots the averages or individual values of samples taken from the process 
versus time or sample number, as shown in Figure 3. A weakness of a Shewhart 
control chart is that it only uses the information about the process contained in 
the last plotted observation and it ignores any information given by the entire 
sequence of points, which makes the Shewhart control chart relatively 
insensitive to small process shifts (Montgomery, 2012b). Alternatives to the 
Shewhart control chart may be used when small process shifts are of interest are 
the CUSUM control chart and EWMA control chart (Montgomery, 2012b).
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More details about SPC and control charts can be found in, for example, 
Montgomery (2012b).

Figure 3. A typical Shewhart type control chart, with a central line (CL) and 

upper and lower control limits (UCL and LCL).

In many applications of SPC, data are often collected for more than one 
quality characteristics, and therefore, multiple variables need to be monitored 
simultaneously (Vanhatalo & Kulahci, 2014). Process industry provides typical 
examples where processes often are richly instrumented with sensors and/or 
people routinely collecting measurements on many variables, such as 
temperatures, pressures and physical properties (Wise & Gallagher, 1996).
Therefore, process industries often need to monitor a multitude of process 
variables, for example, by using multivariate extensions of the Shewhart, 
CUSUM, and EWMA charts and latent variable methods such as SPC based on 
principal components. However, one of the main issues that makes monitoring a
complex task, is the fact that most processes in process industry are 
nonstationary (Ketelaere et al., 2011). Comprehensive overviews of the 
multivariate SPC methods can be found in, for example, Bersimis et al. (2007),
Kourti (2005), and Qin (2003).

2.2. Process capability analysis
The purpose of process capability analysis (CA) is to measure and analyze the 
variability of a product’s quality characteristic(s) to assess the ability of the 
process to meet product specifications set by the internal or external customer.
Frequently used tools within CA are process capability indices, such as Cp and 
Cpk. The CA only holds meaning for processes that are in a state of statistical 
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control. A common way to accomplish statistical control is through the 
elimination of assignable causes for which SPC is a useful tool.

Process capability indices were introduced by Juran et al. (1974) after 
having identified a need in the industry to somehow compare the specification 
interval with the actual process variability. The two most commonly used 
indices are

6p
USL LSLC , min( , )

3pk
USL LSLC , (1)

where LSL is the lower specification limit and USL is the upper specification 
limit, μ is the actual process mean, and is the standard deviation of the process. 
For a more comprehensive description of capability indices, see, for example,
Chan et al. (1988); Kane (1986); Hsiang and Taguchi (1985); and Juran et al. 
(1974).

Typically μ and are unknown and estimated by
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where xi, i=1,2,…,n are the observations measuring the quality characteristic of 
interest. The estimated values of the theoretical indices given in (1) are 
calculated by using the estimated values given in (2).
In the presence of autocorrelation, the standard error of the estimated index is 
affected (Vännman & Kulahci, 2008). Hence, statistical tests and confidence 
intervals based on the assumption of independence are not valid when 
autocorrelation is present. Typically, the autocorrelation coefficient is
unknown and estimated by

1

1
1
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ˆ

n

i i
i

n

i
i

x x x x

x x
, (3)

where n is number of observations. If the autocorrelation coefficient is well 
defined, its value must lie in the range [–1, 1], with 1 indicating perfect 
correlation and –1 indicating perfect anti-correlation. In practice, to obtain a 
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proper estimate of the autocorrelation coefficient, a common rule of thumb is 
that at least 50 observations are needed; see Box et al. (2008).

2.3. Design of experiments
The purpose of design of experiments (DoE) is to systematically and statistically 
plan, conduct, and analyze experiments to improve products and processes.
Frequently used tools in DoE are factorial designs, especially two-level 
factorials and response surface methodology.

Industrial experimentation is expensive not least in full-scale industrial 
processes (Vanhatalo & Bergquist, 2007). Therefore, factorial designs, 
especially two-level factorials, are often interesting designs that produce 
information at a relatively low cost Montgomery (2012a). Two-level factorial 
designs also form the basis for fractional factorial designs, which are valuable 
for screening experiments (Box et al., 2005). Fractional factorials are arranged 
so that the less likely interactions are aliased with factors of interactions 
considered more likely to be active. Information about the alias structure of the 
design is provided by the resolution of a fractional factorial design. In a 
resolution III design, for example, main effects are aliased with two-factor 
interactions (Myers & Montgomery, 2002). Figure 4a illustrates a 23 factorial 
design, where the eight treatment combinations can be displayed geometrically
as a cube. Using the “+ and –“ orthogonal coding to represent the low and high 
levels of the factors, the eight runs in the 23 design may be listed as in Figure 4b.

Figure 4. A 23 factorial design inspired by Montgomery (2012a, p. 241).

Factor A

Fa
ct

or
 C

+ High

+
HighLow

High +

High

Factor
Run A B C AB AC BC ABC

1 + + +
2 + + +
3 + + +
4 + + +
5 + + +
6 + + +
7 + + +
8 + + + + + + +

(a) Geometric view (b) The design matrix
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A well-designed experiment should also include randomization (Bjerke, 
2002). Randomization is used to avoid bias or systematic error affecting the 
conclusion of the experiment (Cox & Reid, 2000). Bisgaard et al. (2008) argue 
that randomization should be considered of special importance when 
experimenting in processes that are non-stationary in nature.

Statistical analysis of the experiments tests the hypotheses of treatment 
effects on the response of interest. For experiments with replications of 
experimental runs, the averages of the observations in each run are used as 
responses in a traditional analysis of variance (ANOVA); see Griffith et al.
(1989). The effects of two-level factorials can also be compared with their 
standard errors by using normal probability plot of the estimated effects; see 
Box et al. (2005). More formally, let run i, 1,2,...,i k include the response 
observations 21 , ,..., ,i i i

ny y y where ni is the number of observations in run i.
Then, the response from the ith run, ( )iy , is simply the average calculated from a 
set of observations where the inputs are all held fixed at the levels given by the 
experimental design for run i

( ) ( )

1

in
i i

j
ji

iy y
n

. (4)

Under the assumption that the error terms are normally and independently 
distributed with constant variance, the ratios of mean squares follow the F
distribution. More details about ANOVA and analysis of factorial designs can be 
found in, for example, Montgomery (2012a, p. 189-197).

The most important phase when doing experiments is, according to Wu and 
Hamada (2000), the planning of the experiment. Here the experimenter needs to 
think about the whole experimental process including how the experiment is 
going to be conducted and analyzed, since the analysis of the experiment will 
depend on the chosen type of experimental design (Vanhatalo & Bergquist, 
2007). According to the guidelines in Vanhatalo and Bergquist (2007), the 
necessity of process control during ongoing experiments is an important 
experimental complication that should be handled by control strategies,
especially if the control includes human deliberations. These strategies should 
also be developed during the planning phase.
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2.4. Time series analysis
The purpose of time series analysis is to develop stochastic and dynamic models 
to analyze the dependence between adjacent observations. Responses from 
continuous processes are often available as time series. Frequently used tools in 
time series analysis are autoregressive integrated moving average (ARIMA) 
models, transfer function-noise models and intervention analysis. The general 
ARIMA (p,d,q) model can be represented by

01 ( )
d

t tB B N B , (5)

where B is the backshift operator on t, 11 ... p
pB B B is the 

autoregressive (AR) operator, p is the order of the AR operator, 

11 ... q
qB B B is the moving average (MA) operator, q is the order 

of the MA operator, d is the order of differencing applied, Nt is the non-
stationary operator, and t is Gaussian white noise. The parameter 0 is related 
to the mean of the process when d = 0, but is called the deterministic time trend 
when 1. More details about ARIMA models are given by, for example, Box et 
al. (2008).

A transfer function model creates a dynamic model of the relation between 
the input Xt and output Yt, by using pairs of time series observations of an input 
and an output. Even under controlled situations, Y is affected by other influences 
than X. The combined effect on Y of these additional influences is referred as the 
noise (Box et al., 2008). A model that can describe real data should therefore 
consist of a transfer function to describe the deterministic dynamic relation 
between X and Y. Thereafter a noise series Nt should represent the remaining 
information of the data that the transfer function cannot explain. Nt is typically 
represented by an ARIMA model thus creating a transfer function-noise model. 
For a more complete discussion of time series analysis in general and transfer 
function–noise modeling in particular, see, for example, Bisgaard and Kulahci 
(2011), Montgomery et al. (2008, ch. 6), Box et al. (2008, ch. 11), and Jenkins 
(1979).
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Chapter 3

Research Methods

This chapter provides a summary of the research methods including descriptions 
of the methodological choices and data collection activities made during the 
research. Additionally, aspects of reliability and validity are discussed.

3.1. My research process
The first time I came in contact with statistical process control (SPC), process 
capability analysis (CA), and design of experiments (DoE) was during courses at 
Luleå University of Technology (LTU) within the master´s program for
Industrial and Management Engineering. During my time as a student, I also 
worked as a process operator at the steel casting process at Swedish Steel AB 
(SSAB) every summer, where my work was to monitor and control the casting 
process. For more information about the casting process, see Appendix II. In the 
fall of 2008, I started my master´s thesis focusing on improving the steel casting 
process at SSAB by using DoE and Six Sigma and the DMAIC (Define, 
Measure, Analyze, Improve, and Control) improvement approach. After I 
finished my master´s thesis, my supervisor Bjarne Bergquist asked if I was 
interested in becoming a PhD student in quality technology at LTU. I applied
and received the position starting in the beginning of October 2009. As I started 
my career as a PhD student, I became involved in a project funded by the 
European Union, where the research project focused on developing statistical 
methods in process industry located in the north of Sweden. So I began my 
research process by contacting process industries from the northern parts of 
Sweden. The contacted organizations were Billerud AB (paper industry), 
Loussavaara Kiirunavaara AB (LKAB, mining industry), Boliden AB (mining 
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and smelting industry), Smurfit Kappa Kraftliner (paper industry), Svenska 
Cellulosa Aktiebolaget (SCA, paper industry), and SSAB (steel industry). Of 
these organizations, visits were made at Billerud AB, LKAB, Boliden AB, and 
SSAB. Initially I did some consultancy work for these interested process 
industries, for example, analyzing the capability of the blast furnace process at 
SSAB by studying the carbon analysis, and predicting the cold pressure strength 
of the pellets at LKAB by studying the gases from the kiln. The blast furnace 
process is illustrated in Appendix I. Furthermore, the consultancy work gave me 
the opportunity to interact with the organizations, understand their industrial 
processes in detail, and gain access to their processes and process data. 
However, the consultancy work at SSAB, where I analyzed the capability of the 
blast furnace, was more difficult than it seemed from the beginning due to 
autocorrelation in the data. So the “traditional” methods in CA were not suitable 
to apply. This problem spawned the idea for Article II, with the purpose of
comparing existing decision methods for Cpk when data are autocorrelated; see 
aim 2 and Table 1, which displays how the research aims are addressed in the 
appended articles. The comparison of the different decision methods was made 
through a case study followed by a simulation study. In the simulation study, the 
actual significance level and power of each decision method were tested.

Table 1. Relationship between the research aims and appended articles.

Research aim
Appended article

I II III IV V

Aim 1

Aim 2

Aim 3

While writing Article II, the process engineers at SSAB wanted my help in
planning and analyzing an experiment at the blast furnace. In particular, the 
engineers wanted to investigate how the amount of briquettes and the amount of 
extra scrap metal in the briquettes affected the total fuel consumption (coke and 
coal powder) in the blast furnace. However, since some of the experimental runs 
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were not complete, the more “traditional” analysis of variance (ANOVA) 
method was inadequate and time series analysis was used instead, mostly 
because the process was dynamic and data were autocorrelated. However, other 
complications occurred and had to be handled when time series analysis was 
used; these were: missing data, operational problems, and unknown dynamics in 
the process. The purpose of Article III was to propose and illustrate a time series 
analysis approach to analyze a small two-level factorial design performed in a
continuous industrial process, with a resulting time series response and where 
operational problems affected several of the experimental runs; see aim 3 and 
Table 1.

Article IV was a more thorough analysis of the experiment made in my 
master´s thesis, which was performed at the steel casting process at SSAB in the 
fall of 2008. The purpose of Article IV was to identify factors that affect the 
depth of the oscillation mark in the steel casting process by using a two-level 
factorial experiment (24) with four additional center points; see aim 3 and Table 
1. The ANOVA analysis turned out to be problematic because of a non-
orthogonal experimental design occurring due to loss of experimental runs. 
While Article IV was submitted, I finished my licentiate thesis, which was 
presented in October 2012.

After the presentation of the licentiate thesis, I started to wonder how
different statistical methods are used in industry and service. This was the 
beginning of Article I. The purpose of Article I was to study how frequently
SPC, CA, and DoE are used in Swedish organizations to update the assessments 
of the use of SPC, CA, and DoE from the Bergquist and Albing (2006) study.
Furthermore, the barriers that seem to hinder the use of SPC, CA, and DoE were 
studied; see aim 1 and Table 1. Article I can thus be viewed as a follow-up study 
to the Bergquist and Albing (2006) article including an expanded test with 19 
barriers based on the 16 barriers identified by Tanco et al. (2010; 2009) in a 
Swedish setting. The study was performed using a survey targeting alumni who
graduated between 2005 and 2013 from LTU who had been studying the 
mentioned methods. The questionnaire can be found in Appendix III.

Finally, Article V was written, which is a continuation of Article III and the 
article by Vanhatalo et al. (2013). The purpose of Article V was to compare two 
analysis methods to estimate location effects for two-level factorial experiments 
with time series responses affected by dispersion effects; see aim 3 and Table 1. 



Research Methods

20

The two analysis methods compared are: [1] calculating the effects from the 
average of the response in each run after removing the transition time; and [2] 
estimating the effects through transfer function-noise modeling with pre-
whitening. In parallel with the research process in this thesis, a literature study 
was performed continuously. Figure 5 illustrates a summary of the whole 
research process.

Figure 5. Summary flow-chart of the activities during the research process.
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3.2. Research purpose, approach, and strategy
The overall purpose of this research is to support the application of SPC, CA,
and DoE. Saunders et al. (2012), Marshall and Rossman (2011), and Zikmund 
(2000) argue that research can be classified on the basis of its purpose, which 
can be to explore, describe, or explain the phenomenon under study. According 
to Saunders et al. (2012), an exploratory study is particularly useful if you wish 
to clarify your understanding of a problem, while an explanatory study 
investigates a situation or a problem in order to explain the relationship between 
variables. Robson (2011) and Saunders et al. (2012) describe the objective of 
descriptive research as to illustrate an accurate profile of persons, events, or 
situations. This may be seen as an extension of exploratory or explanatory 
research (M. Saunders et al., 2012). Table 2 shows the three research purposes 
inspired by Marshall and Rossman (2011) and how these are connected with the 
research aims of this thesis.

Table 2. An overview of the connection between the research aims of this 

thesis and the different research purposes. X indicates a strong 

connection, (X) describes a weaker connection, and a blank field 

indicates no connection. The table is inspired by the categories from 

Marshall and Rossman (2011, p. 69).

Research aim
Type of research purpose

Exploratory Descriptive Explanatory

Aim 1. To analyze the use and related 

barriers of SPC, CA, and DoE in 

organizations.

(X) X (X)

Aim 2. To provide guidance in selection 

of appropriate decision methods for Cpk

when data are autocorrelated.

(X) X

Aim 3. To adapt methods for analyzing 

designed experiments to manage dynamic 

process behavior and autocorrelation in 

continuous processes.

(X) X X
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The scientific approach is often described as a process based on alternations 
between induction and deduction, namely abduction (Box et al., 2005; Thurén, 
1991). An inductive approach goes from practice to theory, while a deductive 
approach starts from the theory and goes to practice. For more information about 
the major differences between deductive and inductive approaches to research, 
see Saunders et al. (2012, p. 144). Using an abductive approach, the analysis of 
empirical data can be combined with the study of literature (Alvesson & 
Sköldberg, 1994; M. Saunders et al., 2012). This research started with the author 
having some pre-understanding of the three methods—SPC, CA, and DoE—
from courses in his master´s program. Thereafter, literature, theory, and 
empirical data were added to the research process, which allowed for a 
progressively greater understanding of the subject. Thus, the research in this 
thesis has used the abductive approach, as illustrated in Figure 6.

Figure 6. Induction, deduction, and abduction according to Alvesson and 

Sköldberg (1994. p. 45) and the approach used in this research. The 

figure is inspired by Vanhatalo (2009) and Söderholm (2005).

According to Merriam (2009), information that is conveyed by words is 
called “qualitative” and information that is conveyed by numbers is called 
“quantitative”. Qualitative research is about the meaning and understanding of a 
studied phenomenon (Merriam, 2009), while quantitative research is more about 
measurement and analysis of variables and relations, and also the identification 
of causal relations between variables (van Raan, 2013). In this research, a
quantitative approach seems more appropriate, since the purpose of this research 
is to support the application of statistical methods by measurement and analysis 
of variables in continuous industrial processes.

Pre-understanding
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The research strategy can be viewed as the framework for the collection and 
analysis of data (Bryman, 2001). According to Yin (2009), there are five 
research strategies when collecting and analyzing data: experiment, survey, 
archival analysis, history, and case study. Saunders et al. (2012) argue that there 
are seven different research strategies: experiment, survey, case study, action 
research, grounded theory, ethnography, and archival research.

Yin (2009) and Saunders et al. (2012) are excellent references for case study 
research but have an explicit focus on social science research. This research 
studies the use of statistical methods in an industrial context but the work mainly 
relates to the development and testing of analysis methods inspired by the 
industrial context, which is a strategy that does not fit the typical description of a 
case study. However, I believe that certain aspects of the recommendations in 
Yin (2009) and Saunders et al. (2012) are worth considering. Hence, this 
research can be classified as several case studies, where experiments and 
simulations work as underlying data collection and analysis methods (Article III, 
IV, and V). Other data collection strategies I have used in my research are 
surveys (Article I) and historical data (Article II). Furthermore, since the author 
participated in the planning and the analysis of the experiments at the blast 
furnace and steel casting process (Article III and IV), action research can also be 
considered as a strategy in this research. For example, when planning the 
experiment in Article III, guidelines adapted from Vanhatalo and Bergquist 
(2007) were used; see Lundkvist (2012) and Appendix IV.

3.3. Literature review
The literature review was not carried out at one particular time during the 
research process. Rather, it can best be described as a continuous process. Each 
appended article required additional reading and adjustment to “new” literature. 
Hart (1998) argues that accessing literature is never a sequential process; instead 
it is an ongoing iterative process where new literature is continuously accessed 
and analyzed. The literature review underlying this research was conducted in 
several different ways. Examples include keyword1 searches in academic

1 Examples of keywords were many and diverse, and included (statistical) process control, process capability analysis/indices, design of 

experiment, experimental design, factorial experiments, industrial experimentation, time series analysis, transfer function-noise model, 

continuous process, process dynamics, autocorrelation, process industry, blast furnace, and steel casting.
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databases, such as Web of Science and Scopus, as well as Google Scholar and 
searches through reference lists of referenced articles and books. The literature 
review was also influenced by other people, such as supervisors, reviewers, and 
colleagues. Furthermore, the literature included in PhD courses and the research 
project influenced the choice of “new” literature.

3.4. Data collection and analysis
The research in this thesis has an applied focus as the identified issues and the 
proposed methods have mainly been developed by studying the practical use of 
SPC, CA, and DoE. Table 3 illustrates how the focus on continuous industrial 
processes differs between the statistical methods used and the appended articles. 
The quantitative data collection was mainly gathered through experiments 
(Article III and IV) and simulations (Article II and V), but also from surveys
(Article I) and historical process data (Article II). In particular, the data were 
collected from the blast furnace and steel casting process at SSAB with help of 
the process engineers, who imported the process data into MS Excel® software 
files. All planning of experiments in this thesis used the guidelines in Appendix 
IV, which are adapted from Vanhatalo and Bergquist (2007).

Table 3. The focus on continuous industrial processes of the appended articles 

and statistical methods.

Statistical method
Focus on continuous industrial processes?

No Yes

Statistical process control I

Capability analysis I II

Design of experiments I III, IV, V

Time series analysis III, V

Furthermore, the imported process data were often in a “raw” condition and 
had to be processed because of disturbances, missing data, and data gaps. The 
gaps in the data occurred as a result of using different methods to measure the 
process, where some measurements were made continuously while others were 
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made less frequently; for example, the chemical analysis of the iron from the 
blast furnace was made less frequently. In addition, the simulations were carried 
out using the free statistics software R (Article II) and MATLAB® software 
(Article V).

As mentioned above, responses from continuous processes are often 
available as time series. For example, when the dynamic relation between 
responses and process variables is known, matching the relations becomes 
necessary for identification of cause-and-effect relationship between processing 
conditions and end-product characteristics (Vanhatalo & Bergquist, 2007).
Furthermore, when data are autocorrelated, it is natural to look towards methods 
in the time series analysis field since they can model the autocorrelation among 
the response observations (Vanhatalo et al., 2010). In particular, transfer 
function-noise models allow for modeling of the dynamic relation between 
experimental factors and the response (Bisgaard & Kulahci, 2006; Box et al., 
2008; Vanhatalo et al., 2013). Fitting a transfer function-noise model for a time 
series with multiple inputs is challenging. Bisgaard and Kulahci (2011, ch. 8.8)
propose a structured approach based on six steps. It is also possible to remove or 
reduce the time-dependence of measurements by increasing the sampling 
interval, but this is a costly strategy as the experiment is prolonged. More 
information about time series analysis can be found in the appended articles.

The survey (Article I and Appendix III) targeted alumni of the Master’s 
program in Industrial and Management Engineering at LTU who graduated 
between 2005 and 2013. In total, 147 respondents answered the survey, resulting 
in a response rate of 36%. Since the response rate can be considered relatively 
low, a Fisher exact test was used to compare the answers received before and
after the reminder. This comparison showed that there were no significant 
differences between answers received from the 107 initial respondents and those 
received from the 40 that replied after being prompted a second time. Neither 
did we see any response differences through controlling for the background 
variables, such as gender and age. In the survey, the respondents were asked to 
evaluate the use of SPC, CA, and DoE in their workplaces (up to two 
workplaces each), giving a total of 211 workplaces within 136 different 
organizations. An advantage of using alumni as respondents, as in Bergquist and 
Albing (2006), is that the alumni have studied courses in quality management in 
which SPC, CA, and DoE are taught. In addition, many of the alumni also have 
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taken an optional advanced course on SPC, CA, and Six Sigma methodology as 
well as a course in DoE. All of the alumni should thus have at least a basic 
understanding of the methods and should therefore be able to understand the 
questions related to the methods. Furthermore, since the survey can be viewed as 
a follow-up study to Bergquist and Albing (2006) and Tanco et al. (2010; 2009),
it is possible to study longitudinal changes and developments (M. Saunders et 
al., 2012). Table 4 summarizes the relationship between data collection and
research aims.

Table 4. Relationship between data collection and research aims.

Data collection
Research aim

Aim 1 Aim 2 Aim 3

Survey study

Case study – Blast furnace process

Case study – Steel casting process

Simulation study

The analysis of the process- or simulated data was performed using Excel® 
software (Article I and II), Design Expert® software (Article III and IV), and 
JMP® software (Article IV and V). The quantitative analysis of the data from 
experiments and simulations were made separately and are described in more 
detail in the appended articles.

An important part of the analysis process was the qualitative data collection 
gathered via project meetings and discussions, formal and informal, between the 
author and his supervisors as well as with the process engineers at the blast 
furnace and steel casting process at SSAB. The data was collected by the author,
who also compiled it into a working document for each case study. Furthermore, 
for the experiment at the blast furnace, a research report was published including 
the qualitative data collection; see Lundkvist (2012). By using this data 
collection strategy, potential problems could be identified and addressed when
planning, conducting, and analyzing experiments. A summary of the main data 
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collection and analysis activities used in each appended article is illustrated in 
Figure 7.

Figure 7. The main data collection and analysis activities in each appended 

article.

3.5. Research quality
Validity and reliability are two important criteria for assessing the quality of 
research (Bryman, 2001; Yin, 2009). Validity indicates if we have measured 
what we intended to measure. Reliability indicates the extent to which an 
experiment, test, or measure gives the same results on repeated trials. Another 
important criterion for assessing the quality of research is the extent to which 
results from the study can be generalized, often referred to as external validity;
see Saunders et al. (2012) and Yin (2009). Within social science, there are 
several authors that describe different tactics to improve research quality; see,
for example, Saunders et al. (2012), Yin (2009), and Riege (2003). However, the 
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research in this thesis differs partly from social science, which these tactics are 
developed for. Nevertheless, I believe that some of these tactics are still relevant 
for their ability to strengthen the research quality of this study.

According to Yin (2009), one way to improve the validity in a case study is 
to have key informants reviewing the research. Letting key informants review 
and comment on the research should strengthen the conclusions from the 
experiments and reduce the risk of the researcher misinterpreting an event. In 
this research, key informants consisted of process engineers from the blast 
furnace operation at SSAB and supervisors from LTU, which reviewed the 
research on several occasions, for example, during the planning, conducting, and 
analyzing phases of the experiments. The key informants also provided access to 
process data, for example, from the blast furnace process at SSAB. This 
collaboration also increased the awareness of CA, DoE, and time series analysis 
methods among the key informants, especially the process engineers at SSAB.
However, key informants may also have influenced decisions that in turn may 
have affected the results. For example, during the planning of the blast furnace 
experiments there were different views about what selected levels (low and 
high) the experimental variables should have. The researchers (my supervisors
and I) advocated larger differences, in order to make it possible to find 
significant effects, than the process engineers, who focused more on operational 
safety and maintaining a sellable product with minimal variation. On the basis of 
these discussions, the selected levels of experimental variables were chosen 
somewhere between what the researchers and the process engineers suggested. 
This may have affected the results of the experiment and the outcome of the
analyses.

Another way to improve the research validity of a study is by using 
triangulation. According to Yin (2009), triangulation implies that many different 
sources of evidence are gathered. In this research, multiple sources were 
gathered during data collection, such as experiments, interviews, and data 
analysis of process data. Gathering these from many different sources makes 
data triangulation possible; see Yin (2009). In addition, conducting experiments 
in real industrial processes with real problems that involve process engineers 
should improve the relevance of this research and therefore the validity. In 
particular, it ensures that what was expected to be measured is measured. The 
validity is also improved by the fact that all simulations are based on process 
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data from industry, which also improves the relevance of this research in the 
same way as for the experiments.

A potential weakness in the presented study is that the case studies focus on
a single process industry (SSAB), which may make the results harder to
generalize. Therefore, I view the external validity as a potential weakness. 
Similar to a single case study in Yin (2009), the external validity from my 
research relies on analytical generalization. Here, I have related the findings to 
theory about DoE, continuous processes, autocorrelated data, and the methods of 
analysis to make generalization of the findings possible. Hence, analytical 
generalization is used to increase the external validity of the results. However, 
one advantage of focusing on a single process industry is that it allows the 
researcher to understand the underlying process and problems specific to it in a 
more comprehensive way.

According to Yin (2009), the reliability of research may be improved by 
carefully documenting all research activities. By documenting the research, it 
becomes possible for an outsider to follow the research process and in principle 
repeat the activities. In this research, most of the activities have been described 
and documented in protocols, reports and appended articles during the research;
see, for example, Lundkvist (2012). All data used in the analyses have been 
documented: for example, process data from the experiments, scripts and data 
from the simulations, and data from the survey, apart from personal 
communication. In principle, this makes it possible for other researchers to 
repeat the analysis procedure. However, since much of the data collection took 
place in a unique and hard-to-control process, it makes replication of the 
research difficult. The data analyses described in the appended articles are 
however possible to replicate for an outsider, which strengthens the reliability of 
the results.

3.6. Summary of methodological choices
A summary of considered and performed methodological choices in this 
research are summarized in Figure 8, where the shadowed areas show which 
choices were performed and the arrows illustrate the order in which the choices 
were carried out.



Research Methods

30

Figure 8. Summary of performed methodological choices in this research. 

Performed choices are marked by shadowed areas and arrows 

illustrate the order in which the choices were performed. The figure 

is inspired by Söderholm (2005).
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Chapter 4

Summary of Appended Articles

This chapter presents a brief introduction to the summary of the results of the 
five appended articles, which collectively contribute to fulfill the purpose of this 
thesis.

4.1. Article I
Lundkvist, P., Bergquist, B. and Vanhatalo, E.
Statistical Methods – Still Ignored? The Testimony of the Alumni
Submitted for publication.

The survey was made by Peder Lundkvist, who also managed the collection of 
data. All authors were involved in the writing of the article, planning of the data 
collection, and analysis and discussion of the results.

Statistical improvement methods have been around for many decades but prior 
studies have shown that their use has been moderate at best. This article focuses 
on three of these methods: statistical process control (SPC), process capability 
analysis (CA), and design of experiments (DoE).

The aim of this article is to analyze the use, and related barriers, of SPC, 
CA, and DoE. The main contribution of this study is an added time-perspective, 
by a comparison with previous Swedish studies, such as Bergquist and Albing 
(2006), coupled with an expanded method coverage of barriers based on those 
presented in Tanco et al. (2010; 2009).

The reported results are based on 147 responses, corresponding to a
response rate of 36%, and the respondents evaluated the use of statistical 
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methods in 211 workplaces (up to two workplaces per respondent) within 136 
different organizations. The results showed that SPC was used at 54% of the 
respondents’ recent workplaces. The corresponding percentage for CA and DoE 
were 41% and 33%, respectively. If only respondents that claimed at least a 
basic understanding of the methods were considered, the assessed usage 
increased to 59% (SPC), 47% (CA), and 35% (DoE), respectively—an increase 
of between 2% and 6%.

The results indicate that the use of statistical methods in Swedish 
organizations has increased compared to earlier studies by workers by Deleryd 
(1996), Gremyr et al. (2003), and Bergquist and Albing (2006). Organizations 
with more than 250 employees used the methods more frequently than smaller 
organizations, and the methods were more widely used in industry than in the
service sector. SPC was the most commonly used of the three methods while 
DoE was used the least. However, since the proportions of those that use the 
methods are still relatively low, this indicates that there is potential to use them 
more. Finally, the most significant and most important barriers to the wider use 
of statistical methods were reported to be insufficient resources in terms of time
and money, low commitment of middle and senior managers, insufficient
statistical knowledge, and lack of methods to guide the user through 
experimentations. A conclusion of the findings is that if the usage of SPC, CA, 
and DoE in Swedish organizations is to be increased further, managers will have 
to recognize that their application takes times. It will also be important to 
increase managers’ understanding of and familiarity with statistical methods.
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4.2. Article II
Lundkvist, P., Vännman, K. and Kulahci, M.
A Comparison of Decision Methods for Cpk When Data are Autocorrelated
Quality Engineering (2012); vol. 24, issue 4, p. 460-472.

The article was mainly written by Peder Lundkvist and Kerstin Vännman. Peder 
Lundkvist managed the simulation of data. All authors were involved in the 
planning of the simulations, discussion of the methods, construction of 
simulation code, and analysis and discussion of the results.

In many industrial applications, autocorrelated data are becoming increasingly 
common due to, for example, on-line data collection systems with high-
frequency sampling. Therefore, the basic assumption of independent 
observations for process capability analysis is often not valid.

The aim of this article is to provide guidance in the selection of appropriate 
decision methods for Cpk when data are autocorrelated. The choice of the 
capability index Cpk was due to the fact it is more useful than Cp, from a 
practitioner’s point of view, since it reacts to changes in process spread as well 
as to changes in process location. Another advantage is that Cpk can be used for 
characteristics where only one specification limit is relevant. The study began
with a case study followed by a simulation study. However, to find methods to 
derive confidence intervals or tests for Cpk when data are autocorrelated, a 
literature search was made in Scopus with the search strings “capability index” 
and “autocorrelated”. Based on the search results, the reference list was
examined to find additional methods. The literature search revealed four 
methods proposed by Lovelace et al. (2009), Vännman and Kulahci (2008),
Wallgren (2001), and Zhang (1998). The four methods were first applied to 
actual data sets obtained from a blast furnace process, partly to test how the 
methods work together with real data, but also because the simulation study was 
intentionally designed to resemble the real process data. In the simulation study,
the actual significance level and power of the decision methods were
investigated, with a chosen significance level of 5%. The simulation study was 
based on data from the blast furnace process, data which were well described by 
using a first order autoregressive AR(1) model.
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In summary, it is hard to recommend one single method that would work 
well in all situations. The method by Wallgren (2001) is designed only for a 
situation in which the dependence among the observations follows an AR(1) 
process and works well when the mean value of the process is close to the target 
value. The method by Zhang (1998) is designed for all stationary Gaussian 
processes and worked fairly well in the simulation study of this article, but has
the drawback that an arbitrary confidence level for the suggested interval 
estimator cannot be chosen. Among the compared methods, the method by 
Vännman and Kulahci (2008) had the lowest power, but was more general than 
the other methods, since it could be combined with any capability index and for 
any autocorrelation structure.
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4.3. Article III
Lundkvist, P. and Vanhatalo, E.
Identifying Process Dynamics through a Two-Level Factorial Experiment
Quality Engineering (2014); vol. 26, issue 2, p. 154-167.
(2015 recipient of the American Society for Quality Statistics Division’s Søren 
Bisgaard Award)

Both authors were involved in the writing of the article, designing the 
experiments, discussion of methods, and analysis and discussion of the results.

Industrial experiments are often subjected to critical disturbances that may force 
the experimenter to deviate from the experimental plan. Although the loss of one 
or a few of the experimental runs in a larger design is not a critical problem, the 
same loss in a design with few runs can make the analysis difficult. This
problem may be especially important for many process industries where the 
experimental cost makes larger designs unrealistic and disturbances during the 
often lengthy experimental campaigns are common.

The aim of this article is to describe how a multiple-input transfer function-
noise model can be used to capture system dynamics, as well as estimate the 
effects using real experimental data from a two-level factorial design performed 
in a blast furnace. The experiment was planned and performed according to the 
guidelines in Appendix IV, but could not be completed due to operational 
problems.

The results from the analysis using transfer function-noise modeling were 
compared with those from a traditional analysis of variance (ANOVA). From 
the ANOVA, no significant effects were found with a chosen significance level 
of 5%. A low power of the method was expected since only five of eight 
experimental runs could be completed and the estimated pure error was only 
based on one degree of freedom. Hence, more experimental runs were required 
to increase the power of this method. Although the effect estimates were
comparable for both methods, the transfer function-noise model took advantage 
of the increased number of degrees of freedom from all the observations from 
the time series response and found one significant effect at the 5% significance 
level. Hence, this example demonstrates that time series analysis is a highly 
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competitive alternative when there are a limited number of replicates, although it 
is more complex to use. Furthermore, the procedure, recommended by Bisgaard 
and Kulahci (2011, ch. 8.8), to use times series analysis was adapted by adding 
two steps: [2] deal with possible disturbances and missing values, and [3] use 
smoothing (if necessary). The following eight-step analysis procedure was 
proposed to identify a transfer function-noise model in the presence of 
disturbances:

1. Visualize data.

2. Deal with possible disturbances and missing data.** Added step

3. Use smoothing (if necessary).** Added step

4. Scale the input and output variables so that they have a mean of zero.

5. Find a tentative structure for the transfer functions for all inputs.

6. Find a tentative model for the noise.

7. Estimate the parameters of the tentatively entertained transfer function-
noise model.

8. Perform diagnostics checks.

However, the time series analysis approach has drawbacks as well. Fitting a 
multiple-input transfer function-noise model was clearly more complicated 
compared to the default. Time series analysis also requires a skilled analyst 
since it includes a number of subjective deliberations in the analysis procedure.
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4.4. Article IV
Lundkvist, P. and Bergquist, B.
An Experimental Study of Oscillation Mark Depth in Continuous Casting of 
Steel
Ironmaking and Steelmaking (2014); vol. 41, issue 4, p. 304-309.

All experimental work was carried out by Peder Lundkvist, who also managed 
the collection of data. Both authors were involved in the writing of the article, 
planning of the experiment, and analysis and discussion of the results.

Steel casting is a process that dominates the world’s steel production, being a 
cost- and energy-effective method to produce steel. The most critical step of the 
steel casting process is the initial solidification step, in which the surface is 
formed. During solidification, the mold moves up and down, and these motions 
create tensile or compressive stresses on the surface, so-called oscillation marks.

The aim of this article is to identify factors that affect the depth of the 
oscillation marks that arise from the steel casting process. The following four 
factors were tested on two levels, using a full factorial design with four center 
points: [1] stroke length of the mold, [2] oscillation frequency, [3] motion 
pattern of the mold, and [4] casting speed.

In order to minimize the depth and variation of the oscillation marks, both 
the average and the standard deviation of the depth were analyzed. Although 
some experimental runs were not completed, two main effects and two 
interaction effects for the average, and one main effect and one interaction effect 
for the standard deviation were found (p analysis of 
variance (ANOVA) turned out to be problematic because of a non-orthogonal 
experimental design due to loss of experimental runs. Based on the ANOVA, the 
stroke length, oscillation frequency, sinus factor, and casting speed should be 
chosen on its lower level to reduce the oscillation marks.

No earlier studies were found that show how the sinus factor is changed in 
combination with the oscillation frequency so that the interaction effect could be 
studied. That this interaction would affect the depth of the marks seems 
reasonable, since both affect the speed of the motion. The three-factor 
interaction effect between stroke length, the sinus factor, and the oscillation 
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mark was also larger than the effect of casting speed, indicating that increases in 
casting speed may indeed be compensated for by a combination of stroke 
lengths, choice of mold motion pattern, and oscillation frequency.

However, while an elimination of the oscillation would eliminate the marks 
completely, such elimination would be to forget why it is done; to reduce 
friction while casting. A high frequency oscillation also reduces casting friction. 
It is thus conceivable that the setting that would minimize oscillation mark 
depths also would lead to increased frictions, and require higher consumptions 
of casting powder. This article illustrates how DoE can be employed when 
conducting experiments in a continuous industrial process. The article also 
highlights the important ability of DoE to capture estimates of interaction 
effects.
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4.5. Article V
Lundkvist, P.
Analyzing Two-Level Factorial Designs with Time Series Responses and 
Dispersion Effects
Submitted for publication.

All the work was carried out by Peder Lundkvist, who also wrote the article.

An experimenter is often interested in estimating effect dynamics, such as 
transition time, alongside effect sizes when doing experiments in dynamic 
processes. However, dynamic processes are often complex and can be affected 
by unknown dispersion effects, which can be problematic to handle for the 
analysis methods.

The aim of this article is to compare the robustness of two analysis methods 
to estimate location effects for two-level factorial experiments in which the time 
series responses are affected by dispersion effects, which is a continuation of the 
comparisons of analysis methods in Vanhatalo et al. (2013). The two analysis 
methods were: [1] calculating the effects from the average of the response in 
each run after removing the transition time, and [2] estimating the effects 
through transfer function-noise modeling with prewhitening. The comparisons 
were made by analyzing simulated replicated 23 factorial experiments with 
known effect sizes and dynamic behavior.

The analysis methods were compared by simulating a dynamic continuous 
process under the assumption that the effects affect the mean and variability of 
the process. The process of fitting separate time series models to each run 
required input and iterative evaluation by the analyst in the different model 
building steps; see Lundkvist and Vanhatalo (2014). Since the analysis was time 
consuming, each setting was limited to 10 simulations. Furthermore, several 
parameters were kept constant during the simulations to mimic the simulations
in Vanhatalo et al. (2013). This includes the choice of the 23 design, the run 
length, and the dynamics of the effects except the additional dispersion effects.

The results from the simulation study when dispersion effects were added 
show that Method 1 performed better regarding effect estimates, standard 
deviations of the estimated effects, and mean squared errors, while Method 2 
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underestimated the effects sizes. The underestimated effect size for Method 2 
may be explained by the fact that the method was unable to include dynamics, in 
terms of transition time, in the transfer function-noise model when dispersion 
effects were added. This underestimation of the effects size for Method 2 
applied in particular when the dispersion effect affected the active effect. 
However, Method 1 classified inert effects as active more often than Method 2, 
especially for small effect sizes. Hence, Method 2 was found to be more robust 
by rendering slightly fewer spurious effects and found more active effects when 
the experiment was affected by dispersion effects. The results were unexpected 
since the model assumption of Method 2 assumes that the error variance is
constant for the entire time series.
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Chapter 5

Main Results

In this chapter, the results are presented and connected to the aims of the thesis.
Thereafter, the author´s contribution to the appended articles is illustrated.

5.1. Connection of results and aims
In this research, one survey and two specific industrial cases, the blast furnace 
and steel casting process at SSAB, have been used to fulfill the research 
purpose: To support the application of statistical process control (SPC),
statistical capability analysis (CA), and design of experiments (DoE). More 
specifically, the research purpose was divided into the following aims:

Aim 1. To analyze the use and related barriers of SPC, CA, and DoE in 
organizations.

Aim 2. To provide guidance in selection of appropriate decision methods 
for Cpk when data are autocorrelated.

Aim 3. To adapt methods for analyzing designed experiments to manage 
dynamic process behavior and autocorrelation in continuous 
processes.

Results connected to Aim 1
According to the survey study in Article I, the use of statistical methods in 
Swedish organizations has increased compared to earlier studies. Organizations 
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with more than 250 employees used the methods more frequently than smaller 
organizations and the methods were more widely used in industry than in the 
service sector. SPC was the most commonly used of the three methods while 
DoE was used the least. However, since the proportions of those that use the 
methods are still at a low level, this indicates that there is still is potential to use 
them more. Finally, the most significant and most important barriers to the wider 
use of statistical methods were reported to be insufficient resources in terms of 
time and money, low commitment of middle and senior managers, insufficient
statistical knowledge, and lack of methods to guide the user through 
experimentations. For more information, see Chapter 6 and Article I.

Results connected to Aim 2
From the results of the simulation study in Article II, it is hard to recommend 
one single method that works well in all situations. The method by Wallgren
(2001) is designed only for a situation in which the dependence among the 
observations follows an AR(1) process and works well when the mean value of 
the process is close to the target value. The method by Zhang (1998) is designed 
for all stationary Gaussian processes and worked well in the simulation study,
but has the drawback that an arbitrary confidence level for the suggested interval 
estimator cannot be chosen. Among the methods compared, the method by 
Vännman and Kulahci (2008) had the lowest power, but was more generally 
applicable than the other methods, since it could be combined with any 
capability index and for any autocorrelation structure. For more information, see 
Chapter 6 and Article II.

Results connected to Aim 3
The two specific industrial cases in Article III and IV, the blast furnace and steel 
casting process at SSAB, exemplify how DoE can be used when doing 
experiments in continuous industrial processes—for example, the ability to 
examine the interaction effects with DoE is highlighted. Moreover, the two 
specific industrial cases also demonstrate that time series analysis is a highly 
competitive alternative when there are a limited number of replicates. However, 
the time series analysis approach has drawbacks as well. Fitting a multiple-input 
transfer function-noise model was clearly more complicated compared to the 
traditional analysis of variance (ANOVA). Time series analysis also requires a 
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skilled analyst since it includes a number of subjective deliberations in the 
analysis procedure.

Furthermore, the procedure, recommended by Bisgaard and Kulahci (2011, 
ch. 8.8), to use times series analysis was adapted by adding two steps: [step 2] 
deal with possible disturbances and missing values, and [step 3] use smoothing 
(if necessary). The following eight-step analysis procedure was proposed in 
Article III to identify a transfer function-noise model in the presence of 
disturbances:

1. Visualize data.

2. Deal with possible disturbances and missing data.

3. Use smoothing (if necessary).

4. Scale the input and output variables so that they have a mean of zero.

5. Find a tentative structure for the transfer functions for all inputs.

6. Find a tentative model for the noise.

7. Estimate the parameters of the tentatively entertained transfer function-
noise model.

8. Perform diagnostic check.

The results from the simulation study in Article V, when dispersion effects 
were added, showed that the ANOVA (calculating the effects from average of 
the response in each run after removing the transition time) performed better 
regarding effect estimates, standard deviations of the estimated effects, and 
mean squared errors, while time series analysis (estimating the effects through 
transfer function-noise modeling with prewhitening) underestimated the effects 
sizes. The underestimated effect size for time series analysis can be explained by 
the fact that the method was unable to include dynamics, in terms of transition 
time, in the transfer function-noise model when dispersion effects were added. 
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This applied in particular when the dispersion effect affected the active effect. 
However, the ANOVA classified inert effects as active more often than time 
series analysis, especially for small effect sizes. Hence, time series analysis was 
found to be more robust by rendering slightly fewer spurious effects and found
more of the active effects when the experiment was affected by dispersion 
effects. The results were unexpected since the model assumption of time series 
analysis assumes that the error variance was constant for the entire time series.
For more information, see Chapter 6 and Article III, IV, and V.

5.2. Author´s contribution
Table 5 summarizes my contribution in the appended articles. The order of the 
articles is based on the order in which they were written, which clarifies a
progression in writing.

Table 5. The author´s contribution, in %, for the appended articles, where the 

“ability” of each task and the “overall contribution” of each article 

are summarized. Note that the order of the articles is in accordance 

with how they were written.

Task
Appended article

II III IV I V “Ability”

Background
Main 

author

Main

author

Main 

author

Main 

author

Single 

author

Manuscript writing 40 50 60 75 100 65

Data collection 60 100 100 100 100 90

Data analysis 50 75 75 75 100 75

Revision of manuscript 40 50 50 50 100 60

“Overall contribution” 50 70 70 75 100
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Chapter 6

Discussion and Contributions

In this chapter, an overall discussion of the research process is given, the 
contributions are discussed and suggestions for further research are presented.

6.1. Discussion of the research process
The survey study was based on 147 responses, corresponding to a response rate 
of 36%. According to the response rate from the previous studies and the Fisher 
exact test in Article I, I believe the response rate is high enough to be able to 
draw conclusions from the results. In addition, since the survey study was a 
follow-up study it was also possible to draw conclusions if and how the use of 
statistical methods has changed since the earlier study. From the results, you 
could see that the use of statistical process control (SPC) and design of 
experiments (DoE) had increased significantly. However, despite the fact that 
the survey consulted respondents that had received education about the methods
were the proportions of those that still use the methods on a low level. This 
shows, together with the significant barriers, the importance of practical cases 
that show how to use different statistical methods in different contexts.

The collaboration between the authors and the research engineers has been 
valuable to create a deeper understanding of the problems that are encountered 
when trying to apply statistical capability analysis (CA), DoE, and related 
analysis methods in complex industrial processes. I am aware that this choice 
may hinder the possibility to generalize the research results and that other 
methods could be used instead, for example, interviews, questionnaires or 
simulations. However, since experiments can be seen as one long learning
process I believe that the information obtained via collaboration is better suited.
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The choice to focus on two specific cases has its advantages and drawbacks. An
advantage is that a more thorough understanding of the particular considerations 
that are needed to plan, conduct, and analyze experiment in the process has been 
attained. However, one drawback is that the results presented in this thesis 
cannot without reflections be generalized to other process industries. 
Nevertheless, if the study instead had been focusing on several different process 
industries it would have been at the cost of the depth of understanding of the 
phenomena that the experimenter needs to consider in the specific cases.
However, from studying the literature and other process industries it is my 
conviction that the special consideration in the two specific cases, the blast 
furnace and steel casting process at SSAB, applies for many other process 
industries and is therefore argued to be good representatives of process industry.
Hence, I believe that the proposed analysis methods in Article II, III, IV, and V
are general and not limited to the studied industrial cases.

However, when planning and conducting experiments in process industry I 
have encountered some management problems. For example, the company,
often the process owner, prioritizes their production regardless of the 
consequences to the ongoing experiment even when the prioritizing could be 
solved in a way that had not affected the experiment. Another example is the 
lack of trustworthiness of the presented results from academia, where I from my 
own experience feel that external consultants that are paid sometimes are 
addressed with higher credibility. Perhaps it is because they are selected in 
existing project or projects with high priority and larger budgets.

Moreover, it is my conviction that the simulation studies in Article II and V
are relevant for this research since they helped me achieve two of the research 
aims, that is, to compare the different decision methods in Article II and to 
compare the robustness of two analysis methods in Article V. The advantage of
using simulations is that large-scale industrial experiments can be mimicked
cost-effectively without losing the process properties involved in using real 
process data.

6.2. Contributions
I believe that the main contribution of this research is that it explicitly illustrates 
and describes special considerations and problems that can be encountered when 
planning, conducting, and analyzing experiments in continuous industrial 
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processes. The use of two specific case studies, the blast furnace and continuous 
casting process, hopefully provides a better understanding of the practical uses
of CA and DoE in dynamic continuous processes. Moreover, this research 
discusses experimental challenges and proposes different analysis methods to 
create a better understanding of the practical use of DoE in process industry. In 
particular, I believe that the practical use and development of adapted analysis 
procedures for experiments in continuous processes is a contribution to the DoE 
field.

Moreover, this research also compares and suggests different decision 
methods of CA that handle process data that are autocorrelated, which I believe 
is a contribution to the CA field, particularly since autocorrelated data are 
becoming increasingly common in many industrial applications due to, for 
example, on-line data collections systems with high frequency sampling.

Prior studies have shown that the use of statistical methods has been 
moderate at best. Although the survey in Article I show an increased use of SPC
and DoE, a large proportion of the respondents had not used the methods at all.
However, I believe the real contribution of this survey study is the importance of 
practical cases that show how to use different statistical methods in different 
contexts as, for example, in continuous industrial processes. A summary of the 
contributions is illustrated in Table 6.
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Table 6. A summary of the contributions in the appended articles and this 

thesis.

Part What How Contribution

I
Use, barriers, 

SPC, CA, DoE
Survey

Indicate significant barriers to the use of 

statistical methods in organizations.

Show the difference in use of statistical 

methods in organizations.

II
Autocorrelation, 

Cpk

Case study, 

simulations

Guidance to select between four 

decision methods for Cpk when data are 

autocorrelated.

III
Process 

dynamics, DoE

Case study, 

experiment

Development of procedure (eight steps)

to use time series analysis when doing 

experiments in continuous industrial 

processes.

Recommend specific process levels.

IV
Continuous 

process, DoE

Case study, 

experiment

Show the value of interaction effects in 

DoE when doing experiments in 

continuous industrial processes.

Recommend specific process levels.

V

Time series 

responses, 

dispersion effects, 

DoE

Case study, 

simulations

Guidance for selecting between two 

different analysis methods when doing 

experiments in continuous industrial 

processes affected by dispersion effects.

Thesis

Organizational 

barriers, 

methodological 

challenges

Survey, case 

study, 

experiment

Identified and ranked organizational 

barriers for application of SPC, CA, and 

DoE.

Guidance for the application of DoE and 

CA in continuous processes to manage 

methodological challenges.

Illustrates different examples of doing 

experiments in continuous industrial 

processes.
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6.3. Further research
A natural recommendation for further research is to test the external validity of 
the results presented in this study in other industrial processes (for example, in 
the chemical industry) to verify the results, discover new potential challenges,
and learn more about experiments in industrial processes. This is also consistent 
with the previous discussion about the importance of practical cases from 
different contexts.

The time series nature of the responses from continuous processes is 
specifically treated in Articles III and V, where times series analysis and design 
of experiments (DoE) are combined to analyze experiments. I believe that the 
combination of time series analysis and DoE for continuous processes deserves 
more attention to make them easier to use for process engineers. A
recommendation is to do further experiments in continuous processes, as a 
continuation of Article III, in order to examine whether the power of the 
traditional analysis of variance (ANOVA) increases when the number of 
experimental runs increases. If the experiments are done in a blast furnace, it 
could be used to verify the results of the time series analysis in Article III.
Another recommendation is to investigate if it is possible to identify active 
dispersion effects by using transfer function-noise models, as in Article V. If this 
is possible, it would strengthen the application of time series analysis.

I also believe it would be of interest to develop the decision method by 
Vännman and Kulahci (2008) for all ARIMA processes, not only for AR(1) 
processes as in Article II. This development would make the decision method by 
Vännman and Kulahci (2008) more general and easier to apply since it would 
work for most types of industrial processes.

A limitation of the survey study in Article I is that it only focused on
Swedish organizations. Another recommendation is therefore to compare the use 
of statistical methods on a larger scale, perhaps between Scandinavia and 
Europe or between Europe, North America and Asia. Is there any country or 
group of organizations that use the statistical methods differently from one 
another? How and why do they differ? Where are these statistical methods used 
more or less frequently?

Finally, the last recommendation is to study how process owners act when 
someone outside the company does experiments on their process, where the 
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purpose of the study would be to understand why process owners prioritize as 
they do and why they sometimes do not take the results seriously. If the 
experimenter would understand process owners better, maybe they could be able 
to prevent misunderstandings and priorities (made by the process owner) that 
may affect the experiment negative. This would increase the value of 
experiments in such processes and spur the further development of the process.
Example of other questions could be: Do they show respect for the experiment? 
How involved are they in the experiment? What is their prioritization during the 
experiment? Do they believe in the results? If not, why not?
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Appendix I

The Blast Furnace Process

A blast furnace process can be characterized as a high-temperature counter 
current reactor for the reduction and smelting of iron ore into liquid iron. A
schematic illustration of the process is given in Figure 9. In brief, the reduction 
of iron oxide passes through three steps, Fe2O3 3O4

coke and coal are used as reductant sources (fuel). Additional resources are 
added in the form of briquettes and additives. Furthermore, the melting process 
takes place in front of the injection of hot blast air, oxygen, and coal powder,
with a flame temperature between 2100-2300 °C. When the gas reaches the top 
of the furnace, the temperature has dropped to 100-150 °C. At last, the final
product liquid iron is tapped with a temperature of 1400 °C. For more details 
about the blast furnace, see, for example, Geerdes et al. (2009), Magnusson 
(2009), and Zuo (2000).

According to Geerdes et al. (2009), one 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 process. In general, the efficiency of the blast 
furnace process is considered to be the reductant rate per metric ton liquid steel.
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Figure 9. Outline of the blast furnace process. Examples of inputs and outputs 

are given in the figure. The figure is adapted from Magnusson (2009)

with permission by Swedish Steel AB.
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Appendix II

The Steel Casting Process

The steel casting in Figure 10 is a process in which molten steel at 1600 °C is 
converted into slabs of manageable size. The process starts with molten steel 
being tapped from the bottom of the ladle, through a nozzle, into a container 
known as the tundish. The tundish is an intermediate vessel designed to maintain 
a constant level and allows for continuous ladle changes during the casting 
process. Thereafter, the melt is tapped from the tundish into the mold. The mold 
consists of four water-cooled cupper plates between which the hot steel slides 
and where a solidified steel shell is formed during casting. The casting 
temperature is now around 1540 °C, and depends on what type of steel that is 
cast. Cooling continues through a shower of water vapor along the whole 
continuous casting process. The steel is still glowing hot but has solidified all 
the way through when it is cut into slabs by means of oxygen lances. It is 
important that the steel has solidified completely before it is cut into slabs, 
which contribute to a major limitation in terms of casting speed.

The temperature is at this point around 1000 °C. Thereafter, every slab is 
marked before it is placed on the cooling bed. During the steel casting process, 
contact with air is avoided by covering the molten steel with different kinds of 
medium. Another issue is to prevent the molten steel to burn into the cooling 
plates in the mold. Hence, lubrication powder is added into the mold and the 
mold moves with an oscillated motion. For more details about the steel casting 
process, see, for example, Magnusson (2009).
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Figure 10. Outline of the continuous casting process. The figure is adapted from 

Magnusson (2009) with permission of Swedish Steel AB.
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Appendix III

The Survey

Cover letter (translated from Swedish)
Hi (and the name of the person),

The Master of Science program in Industrial engineering and management (I) 
has been at Luleå University of technology since 1987. The program changes on
a regular basis and, for the next audit, we would like to pay particular attention 
to the comments from you as alumnus. The survey is addressed to you and to 
everyone else who took the exam during the last eight years. By participating in 
the survey, you will help improve the program.

During your studies, you may have come across the research subject Quality 
technology, in the form of a basic course and perhaps also through one or more 
intermediate courses. Within this research subject, statistical methods for quality 
improvement have gotten a strong position and we would like to know how 
these methods are used in practice. We hope that you can help us answer these
questions related to their use.

For the purposes of this survey, we have used the University's mailing list 
and you have received this survey because your address is listed there. 
Addresses are used only for the distribution of the questionnaire and eventual
reminders. All information will be kept confidential and no personal information 
will be published, meaning that no responses will be linked to individuals. As a 
token of thanks, we would like to give you a symbolic gift in the form of the 
attached ticket (with a value of 10 Swedish kronor).
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You can either reply to the questionnaire via the enclosed hard copy (sent 
back in the postage free envelope provided) or via the following website: 
evasys.ltu.se/evasys/online, where you log in with the password vinter13. The 
compilation is made easier if you choose the Web option. We would like to see 
you reply no later than 9 December 2013. If you have any questions about the 
survey, please feel free to contact us; see contact details below.

Thank you!

Best regards,

Peder Lundkvist and Erik Lovén
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Survey questions (translated from Swedish)
A) General questions.

1. Name?

2. Age?

3. Year of exam?
Earlier than 2005, 2005, 2006, 2007, 2008, 2009, 2010, 2011, 2012, 
or 2013.

4. Gender?
Female or male.

B) Questions regarding current employment.

1. Name of your employer (organization/company)?

2. Between what years have you been employed?
Ex. 2010-2013.

3. Branch?

4. Type of organization?
Industry or service

5. Service title?

6. Typical duties?

7. Number of employees in the organization?
1-9, 10-49, 50-99, 100-250, or more than 250.

8. Is the organization part of a group?
Yes or No.



The Survey

58

9. R&D?
Yes or No.

10. Does the organization use statistical process control (SPC)?
Is not used at all, has occasionally been tested, is used but only in 
a few processes, is used in most of the relevant processes, or use 
cannot be assessed.

11. Is SPC relevant to the organization?
Yes, No, or Do Not Know.

12. Does the organization use process capability analysis (CA)?
The same choices as in B10.

13. Is CA relevant to the organization?
The same choices as in B11.

14. Does the organization use design of experiments (DoE)?
The same choices as in B10.

15. Is DoE relevant to the organization?
The same choices as in B11.

C) Questions regarding previous employment.

The same questions and choices as in B.

D) Questions regarding your use and knowledge of SPC, CA, and DoE.

1. Rate your skills in SPC.
Missing, flawed, basic, good, or very good.

2. How many times have you used SPC after University studies?
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Never, 1-5 times, 6-10 times, or more than 10 times.

3. Rate your skills in CA.
The same choices as in D3.

4. How many times have you used CA after University studies?
The same choices as in D4.

5. Rate your skills in DoE.
The same choices as in D3.

6. How many times have you used DoE after University studies?
The same choices as in D4.

7. What is the key benefit of the mentioned method?

8. Indicate to what extent you believe the following 19 aspects complicate 
the use of statistical methods ranging from 1 (not at all) to 10 (to a very 
large extent).

a. Low commitment of top management due to lack of knowledge 
of statistical tools for process and product improvement.

b. Low commitment of first line managers due to lack of 
knowledge of statistical tools for process and product 
improvement.

c. Poor education in the use of statistical tools to engineers.

d. Engineers’ resistance to change and adoption of new methods 
and tools.

e. Insufficient statistical knowledge of the engineers which may 
lead to the methods being misinterpreted and misused.
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f. Lack of methods to guide the user through the whole 
experimentation process, not just the analysis.

g. Theory to solve complicated problems is lacking.

h. Insufficient time.

i. Insufficient monetary resources.

j. Insufficient material resources.

k. Lack of teamwork skills due to poor communication and 
relations among key people in the project.

l. Statistical tools are too complicated.

m. Statistical tools are described with dense jargon.

n. Research publications do not reach engineers since they are too 
theoretical and not easily accessible.

o. Poor statistical consultancy creates unrealistic expectations and 
shallow analyses.

p. Poor knowledge of statistical tools due to poor skills of the
teachers.

q. Statistics has a negative image in the eyes of engineers, which 
makes them less prone to use statistical tools.

r. Appropriate software for practical work with statistical analyses 
is lacking.

s. Prior negative experiences with statistical tools.
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9. Other aspects that complicate the use of statistical methods?

10. Other questions, comments, or recommendations?



62



63

Appendix IV

Guidelines for Designing Experiments

Table 7 illustrates the guidelines that were used when planning the experiment 
in Article III. The guidelines are adapted from Vanhatalo and Bergquist (2007).
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Table 7. Guidelines for designing experiments. The table is adapted from 

Vanhatalo and Bergquist (2007, pp. 167), where step 3 is added

compared to previous recommendations.

Step Activity

1 Formulate the problem and define the objectives of the experiment.

2 Collect relevant background information.

3 Select process control strategy.

4 Choose response variable(s).

5
Identify control variables, held constant factors, and their levels as well as 

disturbance factors.

6

If possible, specify normal levels, measurement precision, proposed settings or 

desired levels and related strategies, and predicted effects of control variables, held 

constant, and disturbance factors.

7 List known and suspected factor interactions.

8 Choose experimental design and procedures.

9 Consider restrictions and anticipated difficulties in running the experiment.

10 Outline the analysis techniques.

11 Assign responsibility for coordination of the experiment.

12 Perform a pilot experiment if possible.

13 Review and revise the above steps if necessary.
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Statistical Methods – Still ignored?
The Testimony of Swedish Alumni
Peder Lundkvist1, Bjarne Bergquist1 and Erik Vanhatalo1

1Luleå University of Technology, Quality Technology and Management, SE-
97187, Luleå, Sweden

For decades statistical improvement methods have been promoted as important 
for product and process improvement. However, studies show that their use has
been moderate at best. This study aims to assess the use of statistical process 
control (SPC), process capability analysis, and design of experiments (DoE)
over time, and also to highlight important barriers to the wider use of these 
methods in Sweden. A longitudinal case study comprising a survey was therefor 
performed. The results show an increased usage of statistical methods. Larger
organizations (more than 250 employees) use the methods more frequently and 
the methods are more widely used in industry compared to service sector. SPC is 
the most commonly used of the three methods while DoE is used the least.
Finally, significant and most important barriers to the wider use of statistical 
methods were reported to be insufficient resources in terms of time and money,
low commitment of middle and senior managers, insufficient statistical 
knowledge, and lack of methods to guide the user through experimentations.

Keywords: statistical process control, capability analysis, design of 
experiments, implementation barriers, statistical thinking, longitudinal study,
Swedish organizations.
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Introduction
Effective statistical methods for improving the quality of processes and products
have been available for long (Box, Hunter, & Hunter, 2005). Statistical process 
control (SPC), process capability analysis (CA), and design of experiments 
(DoE) are among the most powerful problem solving methods in the quality 
engineering toolbox, where SPC (Shewhart, 1931) and DoE (Fisher, 1925) have 
been around for almost a century while CA has a history of at least forty years 
(Juran, 1974). All three methods are described thoroughly in well-known 
textbooks; SPC and CA are covered in, for example, Montgomery (2013b) and 
DoE in, for example, Montgomery (2013a) and Box et. al. (2005). In this study
the following definitions of the three methods are used; where affiliated sub-
methods or tools are treated as subordinate aspects of the main methods to 
facilitate understanding:

The purpose of SPC is to reduce process variation through the 
identification and elimination of assignable causes of variation and to 
monitor the process over time. Commonly used tools of SPC are 
histograms, Pareto charts, Ishikawa diagrams, scatter plots and 
especially control charts such as the Shewhart, CUSUM and EWMA 
charts.

The purpose of CA is to measure and analyze the variability of a
product’s quality characteristic(s) to assess the ability of the process to 
meet the product specifications. Frequently used tools within CA are 
process capability indices such as Cp and Cpk.

The purpose of DoE is to systematically and statistically plan, conduct 
and analyze experiments to improve products and processes. Frequently 
applied tools in DoE are factorial designs, especially two-level factorials, 
response surface methodology, and Conjoint Analysis.

SPC and CA are methods that are more directed toward monitoring existing 
processes and accessing their capability, while DoE typically is used to improve 
products and processes. These methods have traditionally been used most 
extensively in manufacturing, but they are also used elsewhere, for example in 
the service sector (Gustafsson, Ekdahl, & Bergman, 1999). While each of the 
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three methods is useful in its own right, they can be combined in a cyclical way 
to create a powerful problem-solving process as shown in Figure 1. Hence, this 
study focuses particularly on the use of these three statistical methods.

Figure 1. A cyclical problem-solving process involving SPC, CA, and DoE.

Statistical methods are important for monitoring and improving products 
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the following, even though the results of published studies on the use of 
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and DoE, respectively. However, if use was defined as something more than just 
occasional trials, these numbers fell to 27% for SPC, 21% for CA, and 17% for 
DoE (ibid). Bergquist and Albing (2006) also found that a lack of knowledge 
and competence among engineers was a major barrier to the more extensive use 
of statistical methods. In a later study targeting Swedish production managers,
Poksinska et al. (2010) found that SPC and DoE were seldom used and that 
many respondents did not recognize the concepts. A potential issue with the 
Poksinska et al. (2010) study is that approximately a third of the responding 
production managers were unfamiliar with the statistical methods, and may not 
have been suitable respondents.

In a study of Basque industries in Spain, Tanco et al. (2008) found that 
while 94% of the participating organizations conducted experiments only 20%
used statistically planned designs. The same group then investigated the gap 
between the rapid theoretical development of DoE methods and their slow 
uptake in commercial practice (Tanco, Viles, Alvarez, & Ilzarbe, 2010; Tanco, 
Viles, Ilzarbe, & Alvarez, 2009). These studies led to the identification of 16
barriers that hinder the application of DoE in industry. Two of the most 
important barriers were low commitment among managers and the users’ limited 
statistical knowledge.

As a complement and augmentation to the identified studies above, the 
purpose of this article is to analyze the use, and related barriers, of SPC, CA and 
DoE. The main contribution of this study is an added time-perspective, by a 
comparison with previous Swedish studies, such as Bergquist and Albing 
(2006), coupled with an expanded method coverage of barriers compared to 
Tanco et al. (2010; 2009).

Method
In order to collect empirical material, a survey was performed that targeted
alumni of the Master’s program in Industrial and Management Engineering at 
LTU who graduated between 2005 and 2013. This population was selected 
based on four more criteria. First and foremost, the program features a 
mandatory course in quality management in which SPC, CA and DoE are 
taught. In addition, many of the students also take an optional advanced course 
on SPC, CA and Six Sigma methodology as well as a course in DoE. All of the 
respondents should thus have at least a basic understanding of the methods and 
should therefore be able to understand the survey questions, which is a strength 
compared with some other studies, for example, Poksinska et al. (2010). The 
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respondents should also be able to accurately determine whether the methods are 
used in their organizations and give a fair assessment of the methods’ 
applicability in their organizational contexts. Secondly, the results could be 
compared to previous findings to obtain a longitudinal perspective on the 
methods’ use because the adopted approach is similar to that of Bergquist and 
Albing (2006) but the participants in this work represents a more recent group of 
alumni. Thirdly, we expected the alumni from our university to be more willing 
to participate in the study, yielding a higher response rate. Lastly, the selected 
population was convenient to sample because the university maintains a 
database of alumni.

The questionnaire was split into four different sections containing questions 
on the respondent’s background, their two most recent workplace(s): their prior 
use and knowledge of SPC, CA, and DoE; and barriers they considered to hinder 
the use of statistical methods. Before being sent out to the participants, the 
questionnaire was submitted to four former students of the LTU program and 
four researchers/teachers for feedback and critical assessment of the instrument.

After the assessment was completed and changes to the instrument were 
implemented, the survey was distributed to the regular respondents. Each 
respondent was mailed a copy of the questionnaire together with a cover letter
and a stamped return envelope, and was asked to return the complete paper 
questionnaire or alternatively complete a web-based version.

In the questionnaire, the respondents were asked to quantify the usage of the 
methods in their last two workplaces using Likert scales ranging from 1 to 5, 
with 1 indicating that the method was “not used at all” and 5 indicating that it 
was “used systematically in all relevant processes”. Respondents were also 
allowed to answer “I do not know” to each question. After having assessed the 
methods’ use, the respondents were asked to evaluate the relevance of each 
method in their organization’s work.

The questionnaire also included questions about the respondent’s individual 
knowledge and use of SPC, CA, and DoE. As before, the responses were 
quantified using a Likert scale ranging from 1 to 5, with 1 indicating that the 
respondents had “no knowledge” of the method in question or that they had 
“never used the particular statistical method”, and 5 indicating that they had a 
“very good knowledge” of the method or had “used the method in question 
more than ten times”.

In November 2013, the questionnaire was sent to 410 respondents, all of 
whom worked in Sweden. The cover letters were personalized by writing the 
respondent’s name at the top to increase the response rate. The respondents were 
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initially given two weeks to answer the questionnaire, resulting in 107 
responses. A reminder was sent out in December 2013, yielding 40 additional 
responses. In total 147 responses were obtained, giving a response rate of 36%.
Ninety-one of the respondents sent in completed paper questionnaires and 56 
used the web-based option. The 147 respondents assessed the use of the methods 
in 211 workplaces within 136 different organizations.

The Respondent Population
The respondents’ workplaces were classified according to branch, size (medium 
or large), and type of organization (industry or service) based on the SNI 2007
classification system (Statistics Sweden, 2007), see Table 1. Of the 211 
workplaces, 26% were medium sized (i.e. had fewer than 250 employees), while
74% were large. Furthermore, 67% of the workplaces were classified as 
industrial and 33% of the workplaces were classified as service organizations.
The respondents consisted of 65 women and 146 men aged between 24 and 41, 
with an average age of 31. We note that our sample of workplaces has a clear 
bias toward larger organizations compared to the organization structure in 
Sweden. For example, of all registered companies in Sweden 99.9% of all 
companies are between 0-249 employees (Statistics Sweden, 2007). However,
since about 57% of all employees in Swedish companies work in organizations 
with more than 200 employees, and 27.9% of the Swedish work force is 
employed by the public sector (Statistics Sweden, 2007), the sample does not 
deviate more than can be expected, given that the respondents were engineering 
program alumni. Differences for instance include that 76% of respondents work 
for organizations with more than 250 employees, and manufacturing 
organizations are over represented.

Tables 2 and 3 present the respondents’ self-assessed levels of knowledge of 
the statistical methods and their self-assessment of their own usage of these 
methods. Fifty percent or more of the respondents considered themselves to 
have at least basic knowledge of the methods, with SPC appearing to be most 
widely understood. Some respondents considered their knowledge of the tools to 
be lacking despite having been introduced to them during their university 
studies. Furthermore, between 25% (DoE least common) and 52% (SPC most 
common) stated that they had actively used the methods more than once. We 
conclude that on average the respondents have a reasonable theoretical 
knowledge of the methods but they have comparatively little practical 
experience of using the methods, especially in the case of DoE.
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Table 1. Classification of the assessed organizations. Numbers in parentheses 
indicate the proportion of the 211 workplaces represented by the 
indicated sectors.

Branch

Size Type of organization
Medium

employees

Large
> 250 

employees
Industry Service

Agriculture, forestry and fishing 2 2
Construction 2 12 13 1
Education 7 7
Electricity, gas, steam and air 
conditioning supply 1 5 6

Financial and insurance activities 3 3
Human health and social work 
activities 1 1

Information and communication 8 12 20
Manufacturing 24 91 115
Mining and quarrying 6 6
Professional, scientific and 
technical activities 10 11 21

Public administration and defense 2 2
Transportation and storage 4 2 6
Water supply; sewerage, waste 
management and remediation 
activities

1 1

Wholesale and retail trade 4 3 7
Total 55 (26%) 156 (74%) 141 (67%) 70 (33%)

Table 2. The number of respondents reporting different levels of knowledge 
of the studied methods. Summarizing proportion within parentheses.

Q: What is your knowledge of the 
following statistical methods?

Statistical 
Process Control

Process 
Capability 
Analysis

Design of 
Experiments

Missing 8 15 11
Flawed 30 58 41
Basic 64 43 57
Good 37 26 35
Very good 8 5 4
Basic or higher level of knowledge 109 (74%) 74 (50%) 96 (65%)
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Table 3. The respondents’ stated practical experience of using the methods.
Summarizing proportion within parentheses.

Q: How often have you actively used 
the following statistical methods?

Statistical 
Process Control

Process 
Capability 
Analysis

Design of 
Experiments

Never 71 104 110
1-5 times 45 24 26
6-10 times 9 3 6
> 10 times 22 16 5
Used more than one time 76 (52%) 43 (29%) 37 (25%)

Results
The reported usage of the methods is presented in Figure 2. If “use” is taken to 
mean that the method had at least been tested occasionally and “…use cannot be 
assessed” is excluded, SPC has at least been tested in 102 of 157 workplaces 
(65%), CA in 72 of 140 workplaces (51%) and DoE in 60 of 137 workplaces 
(44%). However, we define “use” to mean that the method is used in at least a 
few processes, in which case the reported usage rates fall to 54% for SPC, 41%
for CA, and 33% for DoE. The results show that SPC is the most commonly 
used method and DoE the least used.

Figure 2. The assessed use of SPC, CA, and DoE in organizations where the 
respondents have worked.
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Large organizations (i.e. those with more than 250 employees) use statistical 
methods more frequently than smaller organizations. Figure 3 indicates that the 
use of statistical methods is more frequent in industry than in the service sector.
This is especially apparent for SPC, which is used by 81 of 102 industrial 
workplaces (79%). While statistical methods are rarely used in the service
sector, they are not completely absent. Figure 3 suggests that CA is used more 
systematically than SPC and DoE in industry, possibly because quality 
management systems standards such as ISO/TS 16949 require analyses of 
process capability.

Figure 3. Use of statistical methods in the industrial and service sectors.
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Figure 4. Use of SPC, CA, and DoE compared for respondents with flawed or 
missing knowledge-level and basic or higher knowledge-level.
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Figure 5. Use of SPC, CA, and DoE in workplaces where they are assessed to 
be relevant.
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Table 4. Sample sizes of respondents and proportions reporting active use of 
each method in the Bergquist & Albing (2006) study (B&A) and 
this work (LB&V).

Statistical Process 
Control

Process Capability 
Analysis

Design of 
Experiments

B&A LB&V B&A LB&V B&A LB&V
Point estimate of 
proportion, P 0.274 0.541 0.281 0.407 0.090 0.328

Sample size, n 84 157 64 140 78 137
Proportion 0.268 0.126 0.242

p-value, Fisher’s 
exact test 0.000 0.088 0.01

The low p-values for SPC and DoE mean that the null hypothesis can be 
rejected, indicating that the usage rates for SPC and DoE reported in this work 
were significantly greater than those found by Bergquist and Albing (2006). The 
higher p-value for CA indicates that the null hypotheses cannot be rejected for 
this method and therefore there was no significant difference in the use rates for 
CA between the two studies.

Barriers to Wider Use of the Methods
The respondents were also asked to rate the importance of 19 potential barriers 
to wider usage of statistical methods based on the 16 barriers considered by 
Tanco et al. (2010). The importance of each barrier was measured using a ten-
point Likert scale with a higher score indicating greater importance. The 16 
barriers of Tanco et al. (2010) were expanded to 19, partly because Tanco et al. 
(2010) only focused on DoE and partly because we considered some of their 
barriers to be excessively broadly defined. For example, the “lack of resources”
barrier was separated into “lack of time”, “lack of money”, and “lack of 
material”. The 19 barriers that the respondents were asked to rate are listed in 
Table 5, sorted according to their ranking in the work of Tanco et al. (2010).
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Table 5. The 19 barriers, sorted in descending order according to their 
rankings in the study of Tanco et al. (2010), which are shown in 
parentheses and ranged from 1 (most important) to 16 (least
important). Note that some barriers have the same ranking because 
they were formed by subdividing one of the original barriers in 
Tanco et al. (2010).

Barrier Statement in survey

B1 (T1) Low commitment of senior management due to lack of knowledge of 
statistical tools for process and product improvement.

B2 (T1) Low commitment of first-line managers due to lack of knowledge of statistical 
tools for process and product improvement.

B3 (T2) Poor education in the use of statistical tools to engineers.
B4 (T3) The engineers’ resistance to change and adopt new methods and tools.

B5 (T4) Insufficient statistical knowledge of the engineers which may lead to the 
methods being misinterpreted and misused.

B6 (T5) Lack of methods to guide the user through the whole experimentation process; 
not only the analysis.

B7 (T6) Theory to solve complicated problems is lacking.

B8 (T7) Insufficient time.
B9 (T7) Insufficient monetary resources.

B10 (T7) Insufficient material resources.

B11 (T8) Lack of teamwork skills due to poor communication and relations among key 
people in the project.

B12 (T9) Statistical tools are too complicated.
B13 (T10) Statistical tools are described by dense jargon.

B14 (T11) Research publications do not reach engineers since they are too theoretical and 
not easily accessible.

B15 (T12) Poor statistical consultancy creates unrealistic expectations and too shallow 
analyses.

B16 (T13) Poor knowledge of statistical tools due to poor skills of the teachers.

B17 (T14) Statistics has a bad image in the eyes of engineers which make them less 
prone to use statistical tools.

B18 (T15) Appropriate software for practical work with statistical analyses is lacking.

B19 (T16) Prior negative experiences of statistical tools.



14

As mentioned above, the respondents were asked to rate each barrier using a 
scale from 1 (no impact at all) to 10 (very substantial impact). Approximate 95%
confidence intervals for the mean of each of the 19 barriers are presented 
graphically in Figure 6. The result from analyzing the means of the 19 barriers
(with 95% decision limits) shows that the barriers with means significantly 
higher than the overall mean on at least 5% significance level were: B8 
“insufficient time”; B1 “low commitment of senior managers…”; B2 “low 
commitment of first-line managers…”; B9 “insufficient monetary resources”; 
B5 “insufficient statistical knowledge…” and; B6 “lack of methods to guide the 
user…”. Barriers with means significantly lower than the overall mean on at 
least 5% significance level were: B17 “statistics has a bad image…”; B3: “poor 
education… to engineers”; B19 “prior negative experiences…” and; B4 “the 
engineers’ resistance to change…”. Moreover, non-overlapping confidence 
intervals in Figure 6 indicate that the corresponding barriers are significantly 
different on at least 5% significance level. For example, B8 “insufficient time”
is significantly different from all barriers except B1 “low commitment of senior 
managers…”.

Figure 6. Interval plot showing the impact of different barriers to the wider use 
of statistical methods (approximate 95% confidence interval for the 
mean) on a scale ranging from 1 (no impact at all) to 10 (very 
substantial impact). Barriers with means different from the overall 
mean on a 1% significance level are indicated with (**). Barriers with 
means different from the overall mean on a 5% significance level are 
indicated with (*).
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Furthermore, a difference between the two studies was that B3: “poor 
education to engineers” was the second least important barrier in our study but 
the second most important barrier to the use of DoE according to Tanco et al. 
(2010). This may be because most of the respondents in our study were 
engineers who had taken university courses on the methods. It may also reflect 
differences in the educational systems of Sweden and Spain.

Answers to Open-Ended Questions
Benefits of using statistical methods
The respondents could also identify what they considered to be the most 
important benefits of statistical methods. Suggestions of this sort were provided 
by 75% of the respondents. Around 44% of the respondents’ answers could be 
summarized by saying that the methods facilitated fact-based decision making, 
and some respondents went on to specify this by expressing that the methods 
made it possible to identify causal relationships (4%), to better understand 
processes (11%), to facilitate process monitoring and control (5%) or to obtain a 
wide-ranging overview from a data-rich environment (4%). The comment 
quoted below is representative: “Statistical methods allow us to base decisions 
on facts and act before it’s too late (with the help of trends, control limits etc.)”

Another frequently reported benefit was that the methods were important for 
process improvement (15%). Besides improved process knowledge (11%), a 
general understanding of variation was seen as another benefit (11%). The 
possibility to observe and predict changes over time was another benefit that 
was mentioned by many (4% each). A few also stated that one advantage of 
using the methods was that their statistical skills were maintained or improved.

Additional barriers
Besides the 19 barriers that were rated, the respondents were also asked to give 
examples of other barriers that they consider to hinder the use of the statistical 
methods. Examples were provided by 27% of the respondents. We interpreted
many of the answers as reformulations of barriers that had previously been 
identified, such as managers’ and decision makers’ lack of understanding of 
statistical theory, and disputes about the interpretation of the results. One 
respondent wrote: “The major reason I think, is that too many senior managers 
lack university education; they have little knowledge of statistical tools and 
those who are aware of them are generally skeptical. [The use of statistical 
tools] is not really part of their world”
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Comments like these, related to managers’ lack of understanding of statistics 
were common. Other frequent comments were related to a more general lack of 
understanding of statistics, such as: “Knowledge is required to implement 
statistical methods, which is missing in many organizations”

Obstacles relating to organizational culture and resistance to change by 
individual employees were also reported, sometimes in ways that could be 
linked to barriers B4, B12 or B17: “Culture! People often say there’s no point 
and that what we do is way too complicated”

Other obstacles are harder to fit into the original list of barriers, such as 
process-specific obstacles or the perception among service organizations that 
statistical methods are not useful in their work. Some respondents also noted 
difficulties in acquiring data of sufficiently high quality or access to data in 
general, meaning that any application of statistical methods would require 
manual sampling efforts above and beyond their company’s regular 
measurement schemes. Another mentioned barrier was related to specific 
problems caused by the size of the industrial process, for example: “Our 
processes are too large for Design of Experiments; a scrapped run would cost 
too much”

Conclusions
Our results show that SPC was used at 54% of the respondents’ recent 
workplaces. The corresponding percentage for CA and DoE were 41% and 33%,
respectively. If we only consider respondents claiming at least a basic 
understanding of the methods, their usage rises to 59% (SPC), 47% (CA), and 
35% (DoE), respectively – increasing of between 2 and 6%. These values are 
somewhat greater than those obtained in earlier studies on Swedish workers by 
Deleryd (1996), Gremyr et al. (2003), and significantly higher for SPC and DoE 
compared to the study by Bergquist and Albing (2006), suggesting that the 
usage of statistical methods (or at least SPC and DoE) has increased.

The significant, and most important, barriers to the wider use of statistical 
methods were found to be insufficient resources in terms of time and money, low 
commitment of middle and senior managers, insufficient statistical knowledge,
and lack of methods to guide the user through experimentations. We therefore 
conclude that if the usage of SPC, CA, and DoE in Swedish organizations is to 
be increased further, managers will have to recognize that their application takes 
times. It will also be important to increase managers’ understanding of and 
familiarity with statistical methods and that they teach their employees in the 
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methods. Finally, we conclude that pragmatic support is needed to guidance 
users through the experimentation process.

Discussion
Tanco et al. (2010) found that “lack of commitment among managers” and 
“poor statistical background of the engineers” to be the most important barriers 
to the use of DoE. The comparatively modest impact of the engineers’ statistical 
knowledge in our study might be due to the population that was surveyed, which 
consisted of graduates who had completed courses on statistical methods. 
Hence, compared to the Tanco et al. (2010) study the results from our study can 
be viewed as the testimony from the newly trained engineer of experiences 
entering the industry with theoretical knowledge about the methods he or she 
would like to apply. Indeed, also in our study low commitment of senior 
management and first-line managers is highlighted as an important barrier. 
However, in our study the most important barrier was insufficient time.
Insufficient monetary resources were also considered a problem.

The least important, barriers in our study were “bad image of statistics”,
“statistical tools are taught badly”, “prior negative experiences of statistical 
tools”, and “the engineers’ resistance to change”. We argue that a possible 
explanation is that we survey engineers that received their training recently, may 
still be more open to new ideas, and may not have had many negative 
experiences of using the tools. The two least important barriers identified by 
Tanco et al. (2010) were “not enough software aid” and “previous bad 
experiences with DoE”. Again, we believe that some of the differences in the 
ratings may be explained by potentially different populations examined in the 
two surveys. We argue that the somewhat differing results on the important 
barriers among the studies show that exactly the same barriers do not apply 
across all European countries and for all respondents. However, an important
barrier in both studies and that may be considered general is low commitment of 
senior management and first-line managers.

Moreover, we saw that the usage of statistical methods (especially DoE) 
differed between workers reporting a basic knowledge of statistical knowledge 
and those claiming a deeper understanding. The survey does not provide results 
regarding whether it is competence that prompts individuals to use these 
methods or vice-versa. The methods also have slightly different emphases, with 
SPC and CA being more production oriented while DoE is relatively more 
focused on improvement and (product) development. Since the respondents 
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were asked if the statistical tools were used in all relevant processes in a similar 
manner, it is possible that the respondents thought about production processes 
where CA and SPC are relevant rather than the process or product improvement 
processes that are more suitable for DoE. If so, the usage of DoE could be 
greater than what was found here.

We recognize that the LTU alumni who participated in this study can be 
argued to have a greater understanding of statistical methods than the average 
Swedish engineer. As noted by Bergquist and Albing (2006), the choice of 
respondents may induce response bias in the sense that respondents with formal 
training in statistical methods may be more prone to seek work in organizations 
interested in these skills. This implies that we would probably have obtained a 
lower frequency of the methods’ use if we had examined a random sample of 
Swedish engineers. However, we argue that it is vital for the respondents to have 
at least some knowledge of statistical methods in the survey to avoid excessive 
guesswork in their answers.

Other surveys measuring the use of statistical methods have achieved
response rates between 16-83% (Bergquist & Albing, 2006; Deleryd, 1996; 
Gremyr et al., 2003; Poksinska et al., 2010). According to Baruch and Holtom
(2008) the average response rate for studies that utilized data collected from 
organizations is 35.7%, (with a standard deviation of 18.8%). Since the response 
rate of this study lies within this interval, it can be considered acceptably high.
We used Fisher’s exact test to compare the answers we received before and after 
the reminder was issued. This comparison showed that there were no significant 
differences between answers received from the 107 initial respondents and those 
received from the 40 that replied after being prompted a second time. Neither 
did we see any response differences through controlling for the background 
variables, such as gender and age.

Finally, we once more want to point out that since the respondent population 
has a bias toward larger organizations, especially within industry, compared to 
overall organizations structure in Sweden. The assessment of the use of the tools 
and the barriers identified should mainly be considered to reflect the situation in 
larger manufacturing organizations in Sweden and the results from our study 
also show that larger organizations use statistical methods more frequently than 
smaller organizations.
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ABSTRACT In many industrial applications, autocorrelated data are

becoming increasingly common due to, for example, on-line data collection

systems with high-frequency sampling. Therefore, the basic assumption of

independent observations for process capability analysis is not valid.

The purpose of this article is to compare decision methods using the

process capability index Cpk when data are autocorrelated. This is done

through a case study followed by a simulation study. In the simulation study

the actual significance level and power of the decision methods are investi-

gated. The outcome of the article is that two methods appeared to be better

than the others.

KEYWORDS autocorrelation, Cpk, capability index, continuous process,

process industry

INTRODUCTION

Process capability indices were introduced to give a quick indication of

the capability of a particular process to meet customer expectations defined

by process specifications. The three most commonly used indices are

Cp ¼ USL� LSL

6r
;Cpk ¼ min USL� l;l� LSLð Þ

3r
;

Cpm ¼ USL� LSL

6

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r2 þ l� Tð Þ2

q ; ½1�

where [LSL, USL] is the specification interval, T is the target value, l is the

actual process mean, and r is the standard deviation of the process. For a

more comprehensive description of the different capability indices; see

Juran et al. (1974), Kane (1986), Hsiang and Taguchi (1985), and Chan

et al. (1988). Typically l and r are unknown and estimated by

l̂l ¼ �xx ¼ 1

n

Xn
i¼1

xi; r̂r ¼ s ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n� 1

Xn
i¼1

xi � �xxð Þ2
s

; ½2�

where xi, i¼ 1, 2, . . . , n, are the observations measuring the quality charac-

teristic of interest. The indices in [1] are based on the assumption that data
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are independent and identically distributed with a

normal distribution. Of these assumptions, the nor-

mal distribution assumption has received most atten-

tion in the literature; see Kotz and Lovelace (1998)

and Pearn and Kotz (2006). However, in practice

there are also other conditions that are not always

fulfilled. Process data from, for example, continuous

processes are often autocorrelated as a result of

increased use of on-line data collection systems with

high-frequency sampling; see Saunders et al. (1995)

and Vanhatalo and Bergquist (2007). In the presence

of autocorrelation the standard error of the estimated

index is affected. Hence, tests and confidence inter-

vals, based on the assumption of independence,

are not valid when autocorrelation is present.

The purpose of this article is to compare decision

methods in process capability analysis using the pro-

cess capability index Cpk when data are autocorre-

lated. The actual significance level and power of

the decision methods were investigated, with a

chosen significance level of 5%. As mentioned, we

consider the impact of the autocorrelation in the data

only for the capability index Cpk for which the esti-

mated index is defined as

ĈCpk ¼ min USL� l̂l; l̂l� LSLð Þ
3r̂r

; ½3�

with l̂l and r̂r given in [2].

To find methods to derive confidence intervals or

tests for Cpk when data are autocorrelated, we did a

literature search in Scopus with the search string

‘‘capability index autocorrelated.’’ Based on the

search results, we examined the reference list of all

interesting articles to find additional methods.

Finally, the literature search revealed four methods,

which were proposed by Zhang (1998), Wallgren

(2001), Vännman and Kulahci (2008), and Lovelace

et al. (2009). In this article we first apply these four

methods to actual data sets obtained from an indus-

trial process, partly to show how the methods work

together with real data but also because we want

to recreate simulations in relation with the reality.

In the simulation study we want to compare the

methods by investigating the actual significance level

and power of each method. Furthermore, the meth-

ods by Wallgren (2001) and Lovelace et al. (2009)

assume that the autocorrelation can be modeled

through the stationary autoregressive model AR(1),

while the method by Zhang (1998) is based on the

assumption of a stationary Gaussian process. Finally,

the method by Vännman and Kulahci (2008) does

not assume any time series model. However, it turns

out that the AR(1) model is suitable for the actual

data sets in the case study. Hence, for the data we

consider the AR(1) model

xi ¼ lþ q xi�1 � lð Þ þ ei; ½4�

where l is the actual process mean, q is the first-lag

autocorrelation coefficient, and ei is the independent

noise of the process, where ei 2 N ð0; r2e Þ, i¼ 1, 2, . . . ,

n. Typically the autocorrelation coefficient q is

unknown and estimated by

q̂q ¼
Pn�1
i¼1

xi � �xxð Þ xiþ1 � �xxð Þ
Pn
i¼1

xi � �xxð Þ2
: ½5�

In practice, to obtain a proper estimate of the auto-

correlation coefficient, a common rule of thumb is

that we would need at least 50 observations; see

Box et al. (2008).

DESCRIPTION OF THE METHODS

A short review of each method is given below. For

more details, the reader is referred to the original

articles.

Method 1 – Zhang (1998)

Zhang (1998) derived approximate lower confi-

dence interval limits for Cpk when data follow a dis-

crete stationary Gaussian process and the Cpk index

is estimated as in [3]. Under the assumption of an

AR(1) process, as in [4], Zhang (1998) showed that

the variance of ĈCpk, V ĈCpk

� �
, can be approximated by

V ĈCpk

� � ¼ r2z �
Cpk

f 2
g

9nC2
pk

þ F

2 n� 1ð Þ2f 2

" #
; ½6�

where

f ¼ 1� 1

nðn� 1Þ
q n� 1� nqþ qnð Þ

1� qð Þ2 ; ½7�
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F ¼ nþ 2
Xn�1
i¼1

n� ið Þq2i þ 1

n2
nþ 2

Xn�1
i¼1

n� ið Þqi
" #2

� 2

n

Xn�1
i¼0

Xn�i
j¼0

n� i � jð Þqiþj ; ½8�

g ¼ 1þ 2

n

q n� 1� nqþ qnð Þ
1� qð Þ2 : ½9�

Zhang (1998) stated that an interval estimator of

Cpk is

ĈCpk � kzr̂rz ; ½10�

where kz is a constant chosen by the user, and r̂rz is

the estimated standard deviation of ĈCpk obtained by

replacing Cpk and q in Eqs. [6]–[9] with their

estimates.

Note that Zhang (1998) did not suggest how to

choose kz to obtain a stated confidence level. How-

ever, some simulations were done for an AR(1) pro-

cess using kz¼ 2 and 3. An interval estimation

average coverage rate of Cpk from these simulations

can be found in table 4 in Zhang (1998). For

q¼ 0.25, 0.50, 0.75 the average cover rate is roughly

0.95 when kz¼ 2 and 0.997 when kz¼ 3. We will use

kz¼ 2 in our study. Furthermore, we will only con-

sider the lower interval limit

ĈCpk � kzr̂rz ; ½11�

which then has approximately 97.5% confidence

level.

Method 2 – Wallgren (2001)

Wallgren (2001) derived approximate lower confi-

dence limits for Cpk when data follow an AR(1) pro-

cess, given in [4], and the Cpk index is estimated as in

[3]. Wallgren showed that for large samples the vari-

ance of ĈCpk, V ĈCpk

� �
, can be approximated by

V ĈCpk

� � � C2
pk

1þ q2

2 1� q2ð Þ n� 1ð Þ þ
1� q2

9n
: ½12�

The approximate 100(1� a)% lower confidence limit

for Cpk is then defined as

ĈCpk � z1�a
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
V̂V ĈCpk

� �q
; ½13�

where z1�a is the (1� a)th percentile of the standard

normal distribution and V̂V ĈCpk

� �
is obtained by

replacing Cpk and q with their estimates in [12].

Wallgren (1996) suggested an estimator of the auto-

correlation coefficient q that differs slightly from

the estimator q̂q in [5]. He used q̂qw given by

q̂qw ¼
Pn
i¼1

xixi�1 � 1
n

Pn
i¼1

xi
Pn
i¼1

xi�1

Pn
i¼1

x2
i�1 � 1

n

Pn
i¼1

xi�1

� �2 ; ½14�

where x0 ¼ �xx. The approximate 100(1� a)% lower

confidence limit can then be written as

ĈCpk � z1�a ĈC2
pk

1þ q̂q2w
2n 1� q̂q2w
� �þ 1þ q̂qw

9n 1� q̂qwð Þ

 !1=2

: ½15�

The result in [15] is found in Eq. [4.25] in Wallgren

(2001) and is called the Taylor linearization

approach.

Method 3 – Vännman and Kulahci
(2008)

Vännman and Kulahci (2008) suggested dividing

the original data into subsamples using an iterative

skipping strategy, so that within each subsample

the data will be approximately independent. There-

after, a capability index is estimated for each subsam-

ple using [3]. Finally, the information from each test

is combined, using different decision rules, to obtain

efficient decision procedures.

A simulation study was performed by Vännman

and Kulahci (2008) to compare the efficiency of the

different rules for the index Cp assuming an AR(1)

process, as in [4]. In this article we will use the result

from this comparison regarding which rule to use

and apply the method when using Cpk. We now

describe the method in more detail.

The total number of observations, n, is divided

into r subsamples, where the first subsample consists

of observation number 1, 1þ r, 1þ 2r,. . ., and so on.

The second subsample consists of observation num-

ber 2, 2þ r, 2þ 2r,. . ., and so on. Hence, subsample

j, j¼ 1, 2, . . . , r, will consist of observation number j

together with every rth observation. In addition, for

each subsample the same sample size m¼n=r will

be used. Vännman and Kulahci (2008) considered a
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hypothesis test with a significance level of at most a,
the null hypothesis H0 :Cpk¼ k0, and the alternative

hypothesis H1 :Cpk> k0. They presented three differ-

ent decision rules called B, C, and D described in

Eqs. [16]–[18] below. Let the notation ca0ðmÞ refer to
the critical value when using m independent obser-

vations to test H0 :Cpk¼ k0 against H1 :Cpk> k0 at sig-

nificance level a0. Furthermore, let ĈCpkj denote the

estimated index in subsample j, j¼ 1, 2, . . . , r, based

on m observations. Rule B is then defined as

Reject H0 if 1 or more of ĈCpkj > ca0ðmÞ;

j ¼ 1; 2; . . . ; r ; with a0 ¼ aB0 ¼ a=r : ½16�
Vännman and Kulahci (2008) showed that with

a0¼ a=r in [16] the test H0 :Cpk¼ k0 against

H1 :Cpk> k0 will have a significance level of at most

a. Similarly, the tests will have a significance level

of at most a for the rules C and D, where Rule C is

Reject H0 if 2 or more of ĈCpkj > ca0ðmÞ;

j ¼ 1; 2; . . . ; r; with a0 ¼ aC0 ¼ ð2aÞ1=2=r; ½17�

and Rule D is

Reject H0 if 3 or more of ĈCpkj > ca0ðmÞ;

j ¼ 1; 2; . . . ; r ; with a0 ¼ aD0 ¼ ð6aÞ1=3=r ; ½18�

Note that a0 depends on which rule is used.

To get the critical value ca0ðmÞ we use a result from

Albing and Vännman (2011). They derived the criti-

cal value when the maximum-likelihood estimate

of r is used instead of the s-estimate in [2]. Taking

this into consideration, the critical value ca0ðmÞ, when

the s-estimate is used, is determined from the

equation

Z 3k0
ffiffiffi
m
p

�1
Fn

ð3k0
ffiffiffiffiffi
m
p � yÞ2

9c2a0ðmÞ �m= m� 1ð Þ

 !
� u yð Þdy ¼ a0;

½19�

where the function u(y) is the probability density

function of the standardized normal distribution

and Fn is the cumulative distribution function of a

central v2-distribution with n� 1 degrees of freedom.

The choice of the rule to be used depends on the

estimated autocorrelation coefficient as well as the

value of r. Vännman and Kulahci (2008) also pro-

vided recommendations on which rule to be used.

Method 4 – Lovelace et al. (2009)

Lovelace et al. (2009) developed through simula-

tion 100(1� a)% lower confidence limits for Cpk as

well as critical values for testing the null hypothesis

H0 :Cpk¼ 1.0 against the alternative H1 :Cpk> 1.0.

The results are obtained by generating the empirical

sampling distribution of each estimator for various

combinations of the sample size n, the first-lag auto-

correlation coefficient q, the significance level a, and
the true index value Cpk. The results are based on an

AR(1) model, as in [4], with 1,000 simulation runs and

the following combination of parameters:

n¼ 30;40;50;75;100;125;150;200;250;300;350;400;

q¼�0:75;�0:25;0;0:25;0:75;
a¼ 0:10;0:05;0:01;

Cpk ¼ 0:6;0:7;0:8; . . . ;2:8;2:9;3:0;

l¼ 0;

re ¼ 0:5:

The specification limits are determined from the

given parameter values as

USL ¼ lþ Cpk
3rffiffiffiffiffiffiffiffiffiffiffiffiffi
1� q2

p
 !

;

LSL ¼ l� Cpk
3rffiffiffiffiffiffiffiffiffiffiffiffiffi
1� q2

p
 !

: ½20�

The confidence intervals and critical values are

tabulated in Lovelace et al. (2009).

Note that the specification limits in [20] used in the

simulations are symmetrical around l, hence, imply-

ing that the simulations are done only for the

situation when the process is on target, which conse-

quently limits the applications of the simulation

results. Moreover, if it is known in advance that the

process is on target, the index Cp should be preferred

instead of Cpk.

A CASE STUDY

In this section we describe the data from Swedish

Steel AB, which we then apply the four methods to,
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discussed in the previous section. Thereafter, we

compare the results of each method.

Description of the Empirical Data

The studied data sets contain the weight percentage

of the carbon content in pig iron at the blast furnace

process 3 at Swedish Steel AB in Luleå, Sweden. It is

important for the next process step, LD (Linz and

Donawitz) converter, that the value of carbon is kept

within the specification limits and close to the target

value given in Table 1. Two data sets are studied.

The first data set, denoted C-200, consists of 200

observations and the second data set, denoted

C-400, consists of C-200 and an additional 200

observations. The carbon content of the pig iron is

determined after each tap. There is approximately 2

to 5 h, with an average value of 3.2 h, between each

tap. Hence, xi equals the carbon content at tap

occasion number i. Even though the data are

unequally spaced in time, in the following analysis

we will assume otherwise because the variation in

times between taps was not exceedingly large.

According to Figure 1a, C-200 seems to be station-

ary. From Figures 1b and 1c it is reasonable to

assume an AR(1) model for C-200, because the auto-

correlation function (ACF) exhibits an exponential

decay pattern and only the first lag in the partial

autocorrelation function (PACF) is significant. Fur-

thermore, the assumption of a normal distribution

for the residuals obtained from fitting the AR(1)

model seems reasonable; see Figure 1d. Finally, the

residuals of C-200 are considered to be stable accord-

ing to individuals control chart in Figure 1e. Hence,

TABLE 1 Specification limits, LSL and USL, and target value, T,
of the weight percentage of the carbon content in pig iron

LSL USL T

4.4% 5.1% 4.75%

FIGURE 1 Illustration of 200 observations (C-200) of the weight percentage of the carbon content in pig iron: (a) time series plot; (b)

ACF, with 5% significance level; (c) PACF, with 5% significance level; (d) normal probability plot of the residuals from the AR(1) model;

(e) individual Shewhart control chart of the residuals; and (f) moving range control chart of the residuals. (Color figure available online.)
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we assume an AR(1) model for the first data set

C-200. Similar conclusions can be drawn for the

second data set C-400.

We can now conclude that the two data sets C-200

and C-400 can be reasonably modeled by an AR(1)

model with positive autocorrelation. In addition,

summary statistics of the data sets C-200 and C-400

are given in Table 2. Note that l̂l is close to the target

value, T¼ 4.75.

Applying the Methods on
Empirical Data

Swedish Steel AB wanted to find out whether it is

possible to claim that the true Cpk value exceeds 1.0

with a significance level of 5%. To investigate this

we test the null hypothesis H0 :Cpk¼ 1.0 against the

alternative H1 :Cpk> 1.0 at a 5% significance level.

The decision rule for method 1 is to reject the null

hypothesis if the lower limit in [11] with kz¼ 2 is larger

than 1.0, which corresponds to an approximate signifi-

cance level of 2.5%. From the results in Zhang (1998)

it is not possible to find a value of kz that will give the

significance level 5%. But with kz¼ 2 we will have a

significance level of at most 5%. For method 2 we

reject the null hypothesis if the 95% lower confidence

limit is larger than 1.0. For method 3 we use the rules

B, C, and D described in [16]–[18], respectively, with

a¼ 0.05. Finally, for method 4 the null hypothesis is

rejected if the 95% lower confidence limit found in

the published tables by Lovelace et al. (2009) is larger

than 1.0.

Method 1 – Zhang (1998)

We use the ĈCpk values given in Table 2 and obtain

the lower interval limit shown in Table 3 by using

[11] with kz¼ 2.

From the results in Table 3 we conclude that the

null hypothesis H0 is rejected for both C-200 and

C-400, because the lower interval limits with kz¼ 2

are larger than the threshold value 1.0. Conse-

quently, using method 1, we can claim that the pro-

cess is capable with Cpk> 1.0 at a significance level

close to 2.5%.

Method 2 – Wallgren (2001)

Using the ĈCpk values given in Table 2 we obtain

the 95% lower confidence limit shown in Table 4

by applying [15] with z0.95¼ 1.6449.

From the results in Table 4 we conclude that the

null hypothesis H0 is rejected for both C-200 and

C-400, because the 95% lower confidence limits are

larger than the threshold value 1.0. This means that

using method 2 we can claim, at an approximate

5% significance level, that the process is capable with

Cpk> 1.0.

Method 3 – Vännman and
Kulahci (2008)

In order to apply method 3 we first need to deter-

mine the skipping strategy and the size of the sub-

samples—that is, the values of r and m—and then

which rules to be used. Vännman and Kulahci

(2008) provided recommendations for this based

on simulated results for the index Cp. In Table 5 q̂qU
is the approximate 95% upper confidence limit for

q calculated as

q̂qU ¼ q̂qþ 2ffiffiffi
n
p ; ½21�

where q̂q is given in [5].

Because so far there are no recommendations

derived for method 3 for Cpk, a more extensive simu-

lation study is needed to investigate this further.

TABLE 2 Summary of the data sets C-200 and C-400, where l̂l is

the estimated mean value according to [2]; r̂r is the estimated

standard deviation according to [2]; n is the total number of

observations; q̂q and q̂qw are the estimated first-lag autocorrelation

coefficient according to [5] and [14], respectively; and ĈCpk is the

estimated capability index according to [3]

l̂l r̂r n q̂q q̂qw ĈCpk

C-200 4.740 0.082 200 0.640 0.649 1.375

C-400 4.737 0.092 400 0.671 0.668 1.226

TABLE 3 Lower interval limit of Cpk for C-200 and C-400

C-200 C-400

Lower interval limit of Cpk 1.135 1.066

TABLE 4 Approximate 95% lower confidence limit of Cpk for

C-200 and C-400

C-200 C-400

95% Lower confidence limit of Cpk 1.194 1.108
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Nonetheless, we apply their recommendations

proposed for Cp to Cpk.

We obtain the values of q̂qU for C-200 and C-400 as

0.781 and 0.771, respectively. Hence, according to

Table 5, r should be chosen as 20 or 25 and any

one of the rules B, C, or D can be used. We use all

three rules here for completeness. We also decided

to use r¼ 20 in order to get as large a subsample size

m as possible, which is expected to improve the

power of the tests. For the data set C-200 this will

imply a subsample size m¼ 10, which will result in

a test with small power. Henceforth, it will be diffi-

cult to detect a capable process. Nevertheless, we

will proceed and apply method 3 with r¼ 20. The

next step is to calculate the values of a0 for the rules

B, C, and D, which is done by using [16]–[18]. The

results are given in Table 6.

Using the values in Table 6 and Eq. [19] we obtain

the critical values to be used in each subsample.

These are given in Table 7.

The estimated capability indices ĈCpkj , j¼ 1, 2, . . . ,

r, are calculated using Eq. [3] for each subsample

of size m¼ 10 and m¼ 20 for C-200 and C-400,

respectively. Then each estimated index is compared

to its critical value. Table 7 shows the number of ĈCpkj

values that are greater than the corresponding critical

value. Applying rules in [16]–[18] we see that all

combinations of rules and data sets, except Rule B

applied to C-200, deem the process capable at a sig-

nificance level of at most 5%.

In Table 8 the six largest ĈCpkj values among the 20

calculated indices are given in descending order for

C-200 and C-400. Note that the largest ĈCpkj values for

C-200 are close to the critical value for Rule B. Another

reason for that Rule C and Rule D deem the process

capable but Rule B does not may be that the actual sig-

nificance level is larger for Rule C and Rule D than for

Rule B. This may be due to the small subsample size,

m¼ 10, which might render a small power. The differ-

ence in performance between the rules will be further

investigated through simulations.

Method 4 – Lovelace et al. (2009)

To apply method 4, table II (a¼ 0.05) in Appendix

C on pp. 682–683 in Lovelace et al. (2009) is used to

obtain the 95% lower confidence limit. The 95%

lower confidence limits for data sets C-200 and

C-400 were obtained from Lovelace et al. (2009)

and are provided in Table 9.

From the results in Table 4 we can now conclude

that the null hypothesis H0 is rejected for both C-200

and C-400, because the 95% lower confidence limits

are larger than the threshold value 1.0. Hence, at a

5% significance level we can claim that the process

is capable with Cpk> 1.0 using method 4 and the data

sets C-200 and C-400.

TABLE 6 Values of a0 for Rules B, C, and D, respectively

Rule B C D

a0 0.0025 0.0158 0.0335

TABLE 7 Critical values and the number of subgroups with ĈCpk > ca0ðmÞ for C-200 and C-400 when using Rules B, C, and D, respectively

Rule B Rule C Rule D

C-200 with n¼ 200, r¼ 20, m¼ 10 Critical value ca0ðmÞ 2.577 2.007 1.796

Number of subgroups where ĈCpkj > ca0ðmÞ 0 2 4

C-400 with n¼ 400, r¼ 20, m¼ 20 Critical value ca0ðmÞ 1.810 1.559 1.455

Number of subgroups where ĈCpkj > ca0ðmÞ 1 4 5

TABLE 8 Six largest ĈCpkjvalues in descending order, from left

to right, for C-200 and C-400, respectively

ĈCpkj for C-200 2.549 2.394 1.899 1.815 1.787 1.670

ĈCpkj for C-400 1.860 1.804 1.727 1.564 1.485 1.411

TABLE 5 Recommendations of the skipping strategy and the

rule to use

Recommendation

r Rule

q̂qU � 0:5 5 C or D

0:5 < q̂qU � 0:7 10 C or D

0:7 < q̂qU 20 or 25 B, C, or D

TABLE 9 Critical values for the data sets C-200 and C-400

obtained from table II in Appendix C on pp. 682–683 in Lovelace

et al. (2009)

Critical value for C-200 Critical value for C-400

1.20 1.15

P. Lundkvist, K. Vännman, and M. Kulahci 466



Note that the simulation results in Lovelace et al.

(2009) are based on the assumption that the process

is on target. In our case the estimated value of l for

each data set is close to target. Furthermore, the esti-

mated indices are not close to the 95% lower confi-

dence limit. Hence, the conclusion about claiming

the process to be capable is probably not affected

by the restriction in the simulations made by

Lovelace et al. (2009).

Conclusion of the Case Study

All four methods, except Rule B in method 3

applied to C-200, deemed the process capable with

a significance level of at most 5%. It should be noted

that we define the process as capable if Cpk> 1.0. A

summary of the comparison is given in Table 10.

The comparison says nothing about the actual sig-

nificance level or power of each method, which

implies that further research is needed to compare

the methods through simulation.

A SIMULATION STUDY

A simulation study was performed to investigate

the actual significance level, as well as the power,

for all methods, except method 4 as discussed later.

The simulations were based on an AR(1) model, as

defined in [4], and the autocorrelation coefficient q
was chosen between 0.6 and 0.8 to mimic the data

sets in the case study. One reason for not including

method 4 in our simulation study is that the tables

presented in Lovelace et al. (2009) contain only

one q value in the interval [0.6, 0.8] and to find the

critical values for other q values, following Appendix

A in Lovelace et al. (2009), turned out to be rather

complicated. Another reason is that the description

in Appendix A in Lovelace et al. (2009) is limited

to the case when l equals the midpoint of the

specification interval and we want to study a case

when the process is not on target.

Without any loss of generality, we consider a situ-

ation where LSL¼�1 and USL¼ 1. As in the case

study the null hypothesis is H0 :Cpk¼ 1.0 against

the alternative hypothesis H1 :Cpk> 1.0 with a signifi-

cance level of at most 5%. All results below are based

on 10,000 simulation runs. The values of l, q, n, and
r are given in Table 11. Note that l¼ 0 means that

the process is on target, whereas l¼ 0.5 means that

the process is off target, with the expected value

midway between the target value and the upper

specification limit.

For each method, the significance level (the

probability of a type I error) as well as the power

(1� the probability of a type II error) when

Cpk¼ 4=3 are estimated.

For a given value of Cpk the standard deviation

of the independent noise from the AR(1) process

in [4]—that is, re—can be expressed in terms of Cpk as

re ¼ 1� lj j
3Cpk

� � ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� q2ð Þ

p
; ½22�

Hence, in the simulations different values of re are
used when estimating the significance level and the

power, depending on the true index value Cpk.

In Figure 2 the estimated significance levels are

shown for methods 1, 2, and 3, where r is set to 20

for method 3, according to the rules in Table 5. We

see from Figure 2 that the estimated significance

level for method 1 is smaller than or close to the

nominal significance level of 5% for all values.

However, note that according to Zhang (1998) the

significance level should be approximately 2.5%

when kz¼ 2.

For method 2 we see from Figures 2a and 2c that,

when l¼ 0, the estimated significance level is below

or close to the nominal significance level of 5%.

On the other hand, when l¼ 0.5, the estimated

TABLE 10 Comparison of the studied methods, where the pro-

cess is defined as capable if Cpk>1.0. The significance level used

for each decision rule is at most 5%

Deemed as capable when Cpk> 1.0

Method 1 2
3

4

Rule B C D

C-200 Yes Yes No Yes Yes Yes

C-400 Yes Yes Yes Yes Yes Yes

TABLE 11 Values of l, q, n, and r used in the simulation for

each method

Method l q n r

1 0, 0.5 0.6, 0.65, 0.7, 0.75, 0.8 200, 400

2 0, 0.5 0.6, 0.65, 0.7, 0.75, 0.8 200, 400

3 0, 0.5 0.6, 0.65, 0.7, 0.75, 0.8 200, 400 10, 20
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significance level for method 2 is about 10% or larger

for all q values, as seen in Figures 2b and 2d. This is

clearly larger than the nominal significance level of

5%. Our simulation results are in accordance with

the simulation results provided by Wallgren (2001).

Note that the confidence bound in method 2 has only

an approximate confidence level of 5%. Wallgren

(2001) pointed out that when l¼ 0.5 the confidence

bound is reasonably accurate for jqj< 0.6. But when

0.6< q< 0.8, as in our case, the approximation is not

very accurate.

For method 3 we see from Figures 2a and 2c that,

when l¼ 0, all three rules have estimated signifi-

cance levels of at most 2%, which is much smaller

than the nominal level of 5%. Furthermore, when

l¼ 0.5, Rule B gives the estimated significance level

just below the nominal level of 5%, as shown in

Figures 2b and 2d. On the other hand, when

l¼ 0.5 and n¼ 200, the estimated significance levels

for Rule D are larger than 5% for q¼ 0.8. Moreover,

when l¼ 0.5 and n¼ 400, the estimated significance

levels for Rule C are somewhat larger than 5% for

q� 0.75, and Rule D is larger than 5% for q� 0.7.

The difference between the estimated significance

levels in method 3 when l¼ 0 and l¼ 0.5 can be

explained by the fact that for independent observa-

tions in each subsample the probability P ĈCpkj >
�

ca0ðmÞ H0 is truej Þ depends on l. In Figure 3 the prob-

ability P ĈCpkj > ca0ðmÞ H0 is truej� �
is plotted as a func-

tion of l for 0� l< 1, when m¼ 20 and

ca0ðmÞ ¼ 1:455. This corresponds to the case when

n¼ 400, r¼ 20, m¼ 20, and Rule D is used in this

case as shown in Table 7. We see from Figure 3 that

the probability attains its minimum when l¼ 0—that

is, when the process is on target—and increases

when l increases and gets closer to the upper speci-

fication limit. Albing and Vännman (2011) have

shown that for independent observations the mini-

mum of the probability P ĈCpk > ca H0 is truej� �
is att-

ained when the process is on target and the

supremum is reached when l approaches the speci-

fication limits. In order to make sure that P ĈCpkj >
�

FIGURE 2 Estimated significance level for methods 1, 2, and 3 when using Rules B, C, and D with r¼20. The observations are autocor-

related according to [4] with l¼ 0, 0.5 for q¼ 0.6, 0.65, 0.7, 0.75, 0.8 and n¼200, 400. The nominal significance level is at most 0.05, which is

marked by the horizontal line.
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ca0ðmÞ H0 is truej Þ will be at most a0 for values of l
within the specification interval, the actual

significance level should always be smaller than a0
when the process is on target. Note that according

to Rule D we reject H0 if 3 or more of ĈCpkj > ca0ðmÞ;
j¼ 1,2, . . . ,r, with a0 ¼ aD0 ¼ 6að Þ1=3=r . When

n¼ 400, r¼ 20, m¼ 20, and a¼ 0.05 we have

ca0ðmÞ ¼ 1:455 and a0¼ 0.033, which is the value that

the probability in Figure 3 approaches when l
increases.

It should be noted that similar patterns in the esti-

mated significance level were found by Vännman

and Kulahci (2008) for Cp, even though the r value

and null hypothesis were not the same.

In Figure 4 the results for the estimated power

when Cpk¼ 4=3 are given. As above, r¼ 20 is used

for method 3. When interpreting the results given

in Figure 4 we have to take into account that the sig-

nificance levels differ among the methods. In parti-

cular, when l¼ 0.5, the estimated significance level

of method 2 is large compared to methods 1 and 3.

Hence, it is not of interest to compare the estimated

power of method 2 when l¼ 0.5 with the others.

The same reasoning is valid for Rule C in method 3

when l¼ 0.5, n¼ 400, and 0.75� q� 0.8 and for

Rule D when l¼ 0.5, n¼ 200, and q¼ 0.8 as well

as when l¼ 0.5, n¼ 400, and 0.7� q� 0.8.

In the case when l¼ 0 the significance level is

considered to be at most 5% for all methods. Com-

paring the estimated powers for these situations we

see in Figures 4a and 4c that method 2 is most

powerful, followed by method 1. For method 3 Rule

FIGURE 3 Probability P ĈCpk > ca0ðmÞ H0 is truej
� �

plotted as a

function of l, 0� l<1, when m¼ 20 and ca0ðmÞ ¼ 1:455.

FIGURE 4 Estimated power for methods 1, 2, and 3 when using Rules B, C, and D with r¼ 20. The observations are autocorrelated

according to [4] with l¼ 0, 0.5 for q¼ 0.6, 0.65, 0.7, 0.75, 0.8 and n¼ 200, 400.
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D is more powerful than Rule C, which, in turn, is

more powerful than Rule B.

When l¼ 0.5 we cannot compare the power of all

methods because the estimated significance levels

exceed 5% for method 2 and for some parameter

values in method 3. Hence, method 1 is most powerful.

Then follows method 3 depending on when it is mean-

ingful to compare the power, as discussed above. Note

the decrease in power for method 2 and especially

method 1 when q changes from 0.6 to 0.8. Note also

that when n¼ 200 the estimated power for Rule B in

method 3 is very low; see Figures 4a and 4b.

Figures 3 and 4 clearly show that the rules B, C,

and D of method 3 have rather similar estimated sig-

nificance levels but the estimated power for Rule B is

very low, especially for the case when n¼ 200.

Hence, we believe that the low power explains the

different behavior when using Rule B in method 3

for the process data discussed in the case study.

We also see that when l¼ 0 and n¼ 400—that is,

m¼ 20—the estimated power is about double in size

compared to the case where n¼ 200.

In the simulation study we also investigated

whether the results when using the index Cpk in

method 3 coincide with those by Vännman and

Kulahci (2008) when using the index Cp. The

results in Vännman and Kulahci (2008) are pre-

sented for the case when r¼ 10 and n¼ 200.

Hence, additional simulations were performed with

r¼ 10 and n¼ 200. The results using Cpk are given

in Figure 5.

Figure 5a shows that the estimated significance

level for all rules when using the index Cpk is clearly

below the nominal level of 5% when l¼ 0. This is

the same result as when r¼ 20 (see Figure 2a) and

is explained by the previously mentioned fact that

the probability P ĈCpkj > ca0ðmÞ
� �

depends on l. In

Figure 5b, where l¼ 0.5, the estimated significance

levels for all rules are similar for the two indices Cp

given in Vännman and Kulahci (2008) and Cpk. Fur-

thermore, the order between the estimated power

for the three rules in method 3 are the same for Cp

and Cpk; that is, Rule D is the most powerful followed

by Rule C and Rule B.

FIGURE 5 (a), (b) Results of the estimated significance level and (c), (d) the estimated power when Cpk¼ 4/3 for method 3 when using

Rules B, C, and D with r¼10. The observations are autocorrelated according to [4] with l¼ 0, 0.5 for n¼ 200 and q¼0.6, 0.65, 0.7, 0.75, 0.8.

The nominal significance level is at most 0.05, which is marked by the horizontal line in (a) and (b).
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DISCUSSION AND CONCLUDING
REMARKS

In this article, we study four decision methods for

drawing conclusions about the process capability

index Cpk when data are autocorrelated and follow

an AR(1) process. For the actual process data, all

methods except for Rule B of method 3 yielded the

same conclusion; that is, the process is capable or,

in other words, the null hypothesis that Cpk¼ 1.0 is

rejected. We further conducted a simulation study

to compare the methods. As argued in the previous

section method 4 was excluded in the simulation

study and hence, we only discuss methods 1, 2, and 3.

From the simulation study we recognized that

method 2 had the largest power among the studied

methods. However, when l¼ 0.5 the actual signifi-

cance level was much larger than the nominal 5%,

which makes method 2 less reliable and is not

recommended unless the mean value of the process

is close to being on target.

For method 1 the estimated significance level is

below or close to the nominal significance level of

5%. Furthermore, method 1 is the secondmost power-

ful method after method 2. On the other hand, method

1 has the drawback that we cannot choose an arbitrary

confidence level for the suggested interval estimator.

For method 3 the estimated significance level for

all rules is clearly below the nominal level of 5%

when l¼ 0, which was expected from Figure 3.

For l¼ 0.5 the estimated significance levels for Rules

C and D are somewhat larger than 5% for

0.75� q� 0.8 and 0.7� q� 0.8, respectively. For

method 3 the estimated power is quite low when

l¼ 0 and n¼ 200, which is partly due to the fact that

the actual significance level is fairly low but also

because the subsample size is small, m¼ 10.

We also found that the order between the esti-

mated power for the three rules in method 3 is the

same for Cp and Cpk; that is, Rule D is the most

powerful followed by Rule C and Rule B. This indi-

cates that the guidelines for the choice of r when

using the index Cp as given Table 5 can also be used

for Cpk. However, a more extensive simulation study

is needed to investigate this further.

In summary, it is hard to recommend one single

method that works well in a general situation.

Method 2 is designed only for the situation when

the dependence among the observations follows an

AR(1) process and works well when the mean value

of the process is close to target. Method 1 is designed

for all stationary Gaussian processes and worked

fairly well in our simulation study but has the draw-

back that we cannot choose an arbitrary confidence

level for the suggested interval estimator. Among the

compared methods, method 3 has the lowest power,

especially for Rule B. When n is large Rule D does

not differ much from the other methods. However,

method 3 is more general than the other methods,

because it can be combined with any capability

index and for any autocorrelation structure.
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affected by disturbances and missing observations, our proposed procedure
deals with these problems and results in a transfer function–noise model
that captures system dynamics and provides effect estimates from the
experiment.
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INTRODUCTION
Industrial experimentation is costly not least in full-scale continuous

processes due to, for example, process dynamics that cause lengthy
experiments, many people involved, complex machinery, the large amount
of handled materials, and logistical issues. Dynamic processes are frequent
in process industries where production steps such as mixing, chemical
reactions, intermediate storage, and reflux flows contribute to their dynamic
characteristics. For these reasons, two-level factorial designs have a natural
appeal because they produce information at a relatively low cost. In
fact, Montgomery (2009) considers two-level factorial designs to be the
cornerstone of industrial experimentation.

The reactions of a dynamic process to disturbances and changes of
experimental factors may require some transition time; see, for example,
Vanhatalo et al. (2010) and Black-Nembhard and Valverde-Ventura (2003).
This means that for experiments in dynamic processes, the analyst is often
interested in modeling the dynamics of the effect and estimating transition
times as well as estimating main effects and/or interactions. The cost of
experimentation and the need for extended experimental campaigns in
full-scale continuous processes mean that the experimental designs often
are small (few factors) with a limited number of design runs and with
few replications. Hence, it becomes even more important to have some



knowledge about the transition times caused by
process dynamics to design the experiment; see
Vanhatalo et al. (2010).

Furthermore, the responses in process industries
are often measured with high sampling frequencies.
When experimenting on such systems, the
observed responses are no longer represented by
a specific recorded value but instead are typically
autocorrelated time series from each run. When
we have serial dependence between adjacent
observations in the response time series it is
natural to look toward methods within the time
series analysis field because they can model the
autocorrelation among the response observations.
In particular, transfer function–noise models have
been used for modeling of the dynamic relation
between some input factors and the response; see,
for example, Box et al. (2008) and Bisgaard and
Kulahci (2006).

Extending these ideas to model process dynamics
by fitting a multiple-input transfer function–noise
model where the inputs are varied according to
a two-level factorial design pattern becomes more
challenging because even a simple situations with
only two input factors can lead to the estimation
of a large number of parameters. The idea to vary
the inputs according to a two-level factorial design
is not new; see Box et al. (2008, pp. 507–509).
However, they only provide a simulated example and
the literature on how to actually fit these models
using real data is scarce. Vanhatalo et al. (2013) show
that multiple-input intervention–noise models are
effective in analyzing two-level factorial experiments
but they also use simulated data.

In real experimental data, further complications
should be expected. For example, disturbances
are common when experimenting in large-scale
industrial processes; see Vanhatalo and Bergquist
(2007). Process disturbances may affect many
observations in the response time series, making
substantial parts of the time series invalid for analysis
and thus complicating the straightforward use of time
series methods.

The purpose of this article is to propose and
illustrate how a multiple-input transfer function
model can be used to capture system dynamics as
well as estimate the effects using real experimental
data from a two-level factorial design performed in
a blast furnace that could not be completed due

to operational problems. In the next section we
give a background to the studied industrial process.
We then present the experimental design and the
analysis method and illustrate the results from the
analysis in our studied case. In the last section we
provide conclusions and discussion.

THE CASE—A BLAST FURNACE
EXPERIMENT GONE BAD

In the upcoming sections we analyze an
experiment performed in a full-scale blast furnace
plant at Swedish Steel AB in Luleå, Sweden. The
blast furnace process can be characterized as a high-
temperature countercurrent reactor for reduction and
smelting of iron ore into liquid iron; see Geerdes et al.
(2009). Coke and coal are used to reduce iron oxide
in the form of pellets into liquid iron. A schematic
illustration of the process is given in Figure 1.

The authors became involved in the planning
and analysis of the experiment because the research
engineers at the blast furnace were interested
in increasing their knowledge about the process
through factorial experiments. In particular, the
engineers wanted to investigate how the amount of
briquettes and the amount of extra scrap metal in the
briquettes affected the total fuel consumption (coke

FIGURE 1 Outline of the blast furnace process. Examples
of inputs and outputs are given in the figure. Adapted
from Magnusson (2009). © Swedish Steel AB. Reproduced by
permission of Swedish Steel AB. Permission to reuse must be
obtained from the rightsholder.
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and coal powder) in the blast furnace. In addition,
they were interested in the dynamics of these effects.

Adding briquettes to the burden mix is a way
to reintroduce recycled materials in the production
process. The briquettes are manufactured from
recycled soot (containing carbon) recovered from
filters from the blast furnace process, fine-ground
scrap metal, slag, and cement. Hence, the briquettes
contain sources of iron that are more easily reduced
than the iron oxide in the iron ore pellets but
also carbon, which may act as fuel in the process.
Based on this knowledge and what is indicated by
historical data the engineers’ hypothesis is that an
increased amount of briquettes would reduce the
total fuel consumption and thereby reduce the cost
of production. The ordinary fuel for the process
consists of coke charged in the top of the furnace
and coal powder that is injected together with the hot
blast air.

No statistically planned experiments have been
made to investigate how the use of briquettes actually
affects the total fuel consumption in the blast furnace
process. The dynamics of the possible effects were
unknown, but based on engineering judgments the
transition times were thought to be at least several
hours of production. The purpose of the experiment
was hence to investigate whether and how two
experimental factors affect the total fuel consumption
(effect size and dynamics). The two experimental
factors are as follows:

1. x1: the amount of briquettes (kg/ton liquid iron)
added to the burden mix, and

2. x2: the amount of extra scrap metal in the
briquettes (%).

Experimental Design and Results
During the planning phase, we used a checklist

to structure the planning activities. Further details
about the checklist used during the planning phase
are given in Vanhatalo and Bergquist (2007) and
the planning activities are given in Lundkvist (2012).
Costs, process complexity, and logistical reasons
called for the use of a simple experimental design
with only a few replicates. Therefore, both the
amount of briquettes and the amount of extra scrap
metal in the briquettes are tested on two levels in the
blast furnace process using a two-level full-factorial
design with replicates.

The chosen response variable is the total

fuel consumption (coke plus coal powder). Each

experimental run was planned to run for a week,

with an estimated transition period of 2 days, which

was considered to be on the safe side to allow

the process to reach a new steady state. During

the experiment the soot volume in the briquettes

(recycled from the process) is held at a constant level.

Although a simple experimental design was

used, only one of the design runs was actually

replicated due to operational problems in the blast

furnace process; see Figure 2. This resulted in

a total of five individual runs. To make things

worse, operational problems forced the engineers

to shut down the flow of blast air into the

process, essentially stopping production, at three

occasions during the experiment (two shorter

stoppages and one a little bit longer); see Figure 3.

Thus, we have only one true replication of a

design point that results in one degree of freedom

using a traditional analysis method of analysis of

variance based on averages of the response from

each run.

Although the true significance of the effects will be

hard to test due to the disturbances and loss of runs,

we used the data to try to model effect dynamics

and to give an indication of effect sizes because

this information would be important for follow-up

experiments.

FIGURE 2 Two-level factorial design in two factors with
replicates. The experimental factors are x1, the amount of
briquettes (kg/ton liquid iron), and x2, extra scrap metal in the
briquettes (%). The numbers in the circles show the planned run
order. Due to operational problems in the blast furnace process,
only five of eight individual runs were actually completed (run
order 1−5).
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FIGURE 3 Time series response plot from the experiment. Three periods with disturbances are clearly visible. During these
disturbances the total fuel consumption goes down to zero because the engineers shut down the flow of blast air. The dashed vertical
lines mark the start and end of each run.

TRANSFER FUNCTION–NOISE
MODELING

This section gives a discussion of transfer
function–noise models relevant to analyze the
studied case. For a more complete discussion of time
series analysis in general and transfer function–noise
modeling in particular, see, for example, Bisgaard
and Kulahci (2011), Montgomery et al. (2008, ch. 6),
Box et al. (2008, ch. 11), and Jenkins (1979).

Let the output series yt be the time series response
variable from the entire experiment. Assume that the
inputs and the output are zero-mean stationary time
series and that we have the following model:

yt = �1 �B� x1�t + �2 �B� x2�t + � � �

+�12 �B� � x1�tx2�t + · · · + Nt� [1]

where we assume that output series yt may
be affected by the multiple input time series
x1�t� x2�t� � � � � x1�tx2�t� � � � and where �1 �B� is the
transfer function for x1�t. The main experimental
factors are represented by x1�t� x2�t� � � � , and x1�tx2�t

is an example of a cross-product representing the
interaction between x1 and x2, and Nt represents the
unobservable zero-mean noise. In this application
the input time series x1�t� x2�t� x1�tx2�t� ���� has been
manipulated according to the two-level factorial
plan and we want to study their effect on the
response variable yt. Following conventional theory

for transfer function–noise modeling we assume that
the number of coefficients in the transfer functions,
consider �1 �B� as an example, are limited to a fairly
small number and that they follow a structure with
rational polynomials distributed over a numerator
and a denominator according to

�1 �B� =
�1 �B� B

b1

�1 �B�

=
(
�0�1 − �1�1B − · · · − �s�1B

s�1
)
Bb1

1 − �1�1B − � � � �r�1B
r�1

� [2]

where B is the backshift operator on t, the
coefficients �0�1� �1�1� � � � � �s�1, and �1�1� � � � � �r�1

determine the structure of �1 �B�. Moreover, s and
r are the orders of the numerator and denominator,
respectively. Sometimes there is a delay before the
input variables starts to affect yt. If we assume that
this pure delay in [2] is b1 time units for x1, [1] can
now be expressed as

yt =
�1 �B�

�1 �B�
x1�t−b1

+ �1 �B�

�1 �B�
x2�t−b2

+ � � �

+�12 �B�

�12 �B�
x1�t−b12

x2�t−b12
+ · · · + Nt� [3]

Furthermore, it is assumed that the noise series Nt is
uncorrelated with the inputs and that the noise can be
represented by an autoregressive integrated moving
average model, ARIMA (p� d� q�,

	 �B�
(
1 − B

)d
Nt = 
 �B� �t� [4]
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where 	 �B� = 1 − �1B − · · · − �pB
p, 
 �B� = 1 −

1B − · · · − qB
q , and ��t� represents white noise.

See, for example, Montgomery et al. (2008) for more
on how to fit ARIMA models.

If we now combine [3] and [4], the complete model
can be expressed as

yt =
�1 �B�

�1 �B�
x1�t−b1

+ �2 �B�

�2 �B�
x2�t−b2

+ � � �

+�12 �B�

�12 �B�
x1�t−b12

x2�t−b12
+ � � �

︸ ︷︷ ︸ [5]

Transfer functions

+ 
 �B�

	 �B�
(
1 − B

)�t︸ ︷︷ ︸
Noise model

�

Identifying a Transfer Function–Noise
Model in the Presence of

Disturbances
Fitting a transfer function–noise model for a

time series with multiple inputs quickly becomes
challenging. If we, in addition, have known
disturbances affecting the output time series (see
Figure 3) it gets even more complicated. We therefore
propose a structured approach based on the six
identification steps recommended by Bisgaard and
Kulahci (2011, ch. 8.8). To these we add steps 2 and
3 below in which we deal with disturbances. In total
we propose eight analysis steps.

Step 1: Plot the Data

Plotting the output and the inputs gives the
first important opportunity for visual inspection of
the behavior of the variables. We argue that in
this step the analyst should observe, for example,
trends, unusual behavior, missing values, possible
disturbances, or whether there seems to be a need
for smoothing of the time series.

Step 2: Deal with Possible Disturbances
and Missing Values

In this step we assume that known disturbances
have affected the response during the experiment.
If not, this step can be skipped. We argue that the

strategy used to deal with these disturbances must
depend on the severity of the disturbance. Related to
these considerations is knowledge on how to handle
missing values in time series analysis because severe
disturbances may lead to parts of the time series
being considered as missing values. Essentially we
see two main approaches.

The Intervention Analysis Approach

If the known disturbance has only a moderate
visual effect on the output series, the first choice
is to find some continuous process variable that
can be used to explain the disturbance by treating
it as a new input variable in the analysis with its
own transfer function. If there is no quantitative
continuous indicator variable for the disturbance(s)
they can be represented by two common types of
qualitative indicator variables: the step variable

S�T�
t =

{
0� t < T

1� t ≥ T
� [6]

and the pulse variable

P�T�
t =

{
1� t = T

0� t �= T
� [7]

where T is the time of the disturbance (intervention).
Intervention analysis was originally described by Box
and Tiao (1975).

The Missing Values Approach

Missing values can occur due to some error
in sensors and data recording or due to some
disturbance causing the response to change to
some unrepresentative value for the process. In
such cases, we are not interested in explaining
the behavior with another variable. Instead,
such values must typically be treated as missing
values too. Independent of the cause we
need to deal with the missing values in some
appropriate way.

Bisgaard and Kulahci (2011) discussed common
approaches to dealing with missing values in time
series analysis. Essentially, the missing value(s) in
these approaches must be replaced by an estimated
value. There are different methods available for this
estimation, somesimpleandsomemore sophisticated;
seeBisgaard andKulahci (2011, ch. 7.10) andBoxet al.
(2008, ch. 13.3). A simple method is to replace the
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missing value with an average of values before and
after the missing value. Moreover, an exponentially
weighted moving average (EWMA) smoother can be
used where the EWMA prediction replaces the missing
values. The formula for EWMA is

ŷt = �yt +
(
1 − �

)
ŷt−1� 0 ≤ � < 1� [8]

where yt is the observation at time period t and
ŷt is the smoothed EWMA value at time period
t (and also the prediction for t + 1), and � is
the smoothing constant. There are also different
interpolation techniques that can be used. However,
sometimes disturbances result in missing values over
a longer period of time. In such situations the
only alternative may be to exclude the observations
completely from the time series, connecting the
observations before and after the missing values and
thus ignoring parts of the time series.

Step 3: Smoothing If Necessary

Sometimes, the measurement system or the data
collection procedure may cause some unwanted
variation in the data with some irregular patterns;
see, for example, the negative autocorrelation and
the jumpy appearance in Figure 3. Typically it will
be difficult for a time series model to explain such
behavior. If it is evident that the variation is a
consequence of the data collection system, one way
to handle this problem is to filter out the signal
from the noise by smoothing the data using a simple
moving average according to

ỹt =
(
yt + yt−1 + ���+ yt−k

)
k + 1

� [9]

where ỹt is the new smoothed output response and
k determines the span of observations over which
to smooth the output. However, when determining
the appropriate span, k, we need to be careful not
to employ a too large span so that practically all
variability is removed from the output. An alternative
is to use EWMA to smooth the data but a small value
on � would also eliminate much of the variability we
are trying to explain. Compared to the simple moving
average the EWMA is an exponentially weighted
average of all past values. For the response in
Figure 3 we want to eliminate the jumpy appearance
but at the same time limit the effect that past values
may have on the current response observation.

Hence, we find the simple moving average to be
more suitable in this case although an EWMA with a
high value on � would perform similarly.

Step 4: Scale the Input and Output
Variables So that They Have Mean Zero

For example, the smoothed output response is
scaled according to

˙̃yt = ỹt − ¯̃y� [10]

Step 5: Find a Tentative Structure for the
Transfer Functions for All Inputs

The typical approach when identifying the
structure of the transfer function is to use the
prewhitening approach (see, for example, Bisgaard
and Kulahci [2011] and Box et al. [2008]) to get a
better estimate of the cross-correlation between the
input and the output. Prewhitening means that an
ARIMA (p� d� q� model is fitted for the input variable
to try to transform it to white noise. The same model
is then applied to the output. The cross-correlation
function between the prewhitened input and the
filtered output is then used to identify a tentative
structure for the transfer function; see, for example,
Montgomery et al. (2008).

However, it turns out that the prewhitening
approach is challenging when it is difficult to identify
an appropriate ARIMA model for the inputs. This can
occur when the time series of the input variables are
binary variables (using the step or pulse variables)
or when the input series exhibits a nonstationary
behavior with jumps between values while at the
same time exhibiting little or no variation at the
different levels of the input variable. In fact, the
input variables for the experimental factors in our
case follow the pattern of a two-level factorial
plan, essentially making them binary variables. If
prewhitening turns out to be difficult, the form
of the transfer functions, in [2] the orders r1 and
s1 as well as the pure delay b1, must instead be
specified by considering the mechanisms that might
cause the change and by studying the time series
to suggest an appropriate model form; see Jenkins
(1979). If the tentative transfer functions need to be
postulated, the procedure becomes equivalent to that
for intervention analysis; see Box and Tiao (1975).
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Step 6: Find a Tentative Model
for the Noise

After deciding on the tentative transfer function
structures for the inputs in the previous step, we
make a simplification and use statistical software
to make a crude estimate of the parameters of
the transfer functions. Indeed, this is a practical
simplification because the parameter estimates and
especially their p-values are based on the assumption
that the noise is, in fact, white noise. This
will typically not be the case without fitting an
appropriate time series model for the noise series.
However, at this point we can use the residuals
from this first model (without a model for the
noise series) to suggest an appropriate model form
for the noise series. Here, we study plots of
the autocorrelation function (ACF) and the partial
autocorrelation function (PACF) of the residuals to
find a tentative ARIMA model for the noise series.

Step 7: Estimate the Parameters
of the Tentatively Entertained Transfer
Function–Noise Model

The analysis procedure in time series analysis is
not a straightforward one-shot approach. Typically
the analyst needs to compare several tentatively
entertainedmodels to seewhichone seems toperform
the best. During the analysis we use a procedure
that resembles a backward selection approach. In
practice, this can mean that we start with a model
containing many experimental factors and interaction
effectsand thenwesuccessivelyeliminate insignificant
factors and/or parameters in the transfer functions.
For estimation of the parameters in the models we
use the iterative maximum likelihood procedure in the
statistical softwarepackage SAS JMP10.0 (SAS Institute
Inc., Cary, NC).

Step 8: Diagnostics Checks

If the transfer function model is not correctly
identified it is usually evident from a study of the
residuals from the model. First we look for any
possible remaining cross-correlation between the
residuals and the input series. In a second step, if
no significant cross-correlation is found we study
whether there is any remaining autocorrelation in
the residuals using the ACF and the PACF. If the

diagnostics check finds violations, the noise model
and/or transfer function model may not be properly
identified or it might be a signal that a transformation
of the response variable is needed. The dynamics of
the effects and their sizes are then calculated from
the final fitted model.

ANALYSIS OF THE BLAST FURNACE
EXPERIMENT

This section presents the results from the analysis
of the experiment in the blast furnace using
transfer function–noise modeling following the
above outlined analysis steps 1–8.

Step 1: Plot the Data
The original output response time series, yt, is

presented in Figure 3, where three disturbed periods
are visible. We also observe a jumpy behavior of the
time series. Except for the disturbed periods there are
no other apparent trends or signs of nonstationarity.
More plots of the data are presented in Figure 4.

Step 2: Deal with Possible
Disturbances and Missing Values

Figure 3 shows disturbances of different severity.
Between observations 100 and 200 there are two
shorter disturbed periods (DP 1–2) when the
response cuts off rapidly due to the stop of blast air
into the process. Around observations 350–400 we
have a longer stoppage (DP 3) with the response
being zero as a consequence. It seems reasonable to
treat the observations during these disturbed periods
(DP 1–3) as missing values but to use different
strategies to handle them.

For DP 1–2 we replace the disturbed values
(missing values) with the EWMA prediction using [8]
and � = 0�3. The smoothing was performed in two
steps: first DP1 and then DP2. Since DP 3 results
in a lengthy period with the response being zero, it
becomes difficult to replace these observations with
an appropriate estimate. Hence, to deal with DP 3 we
exclude observations from the response yt as well as
the input variables x1�t and x2�t. Essentially this means
that observations 341–368 (29 h of operation) seen
in Figure 3 are removed, connecting observation 340
with 369.
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FIGURE 4 a) The smoothed and scaled output response ˙̃yt .
b) The amount of briquettes ˙̃x1�t (smoothed and scaled). c) The
extra scrap metal in the briquettes ˙̃x2�t (smoothed and scaled). d)
The interaction ˙̃x1�t

˙̃x2�t (smoothed and scaled).

Step 3: Smoothing If Necessary
The negative autocorrelation and the jumpy

appearance visible in Figure 3 made it difficult to find
a time series model with good explanatory ability.
The jumpy appearance does not describe the natural
variability of the process. In fact, the variability is
caused by a combination of a fixed hourly sampling
scheme of the response combined with variability
in how many charges of coke that enters the
blast furnace during a given hour. For example, an
extra charge of coke increasing the measured fuel
rate the first sampling period would typically be
compensated for in the following sampling period(s),
resulting in a lower measured fuel rate. Therefore,
smoothing of the data was appropriate.

After some tests we decided to use a simple
moving average according to [9] and smooth yt as
well as the input variables x1�t and x2�t using k = 2,

which produces an average of the present value and
two periods back in time. The appropriate choice of k
was discussed with the engineers at the blast furnace.

Step 4: Scale the Input and Output
Variables So That They Have Mean

Zero
After replacing missing values and removing

observations in step 2 and smoothing the data in step
3 the time series are now scaled according to [10].
Figure 4a shows the smoothed and scaled time series
˙̃yt, which exhibits a stationary behavior and moves
around the mean zero. Figures 4b– 4d present the
smoothed and scaled input variables ˙̃x1�t, ˙̃x2�t, and
˙̃x1�t

˙̃x2�t. The consequence of the two-level factorial
plan is visible in the step-like behavior of the input
variables.

Step 5: Find a Tentative Structure
for the Transfer Functions

for All Inputs
The step-like variability in the input variables

makes it difficult to find an appropriate time series
model in the prewhitening approach. Here one
can argue that the expected choice would be to
use an intervention analysis approach. That is, to
postulate a structure for the transfer function and an
appropriate pure lag for each input. However, there
was limited prior information about the dynamics
of the two experimental factors available, leaving
only guesswork to settle the appropriate structure of
the transfer functions. Therefore, we chose to use
prewhitening to get some idea about the structure of
the transfer functions and the pure lags. We found the
best fit to be an ARIMA(0,1,2) model for all inputs but
with different parameter estimates for the different
inputs. The same models are then used to filter ˙̃yt for
the three input series.

The estimated cross-correlation function (CCF)
between the prewhitened input variable and output
variable ˙̃yt is used to identify a tentative structure
for the transfer function. As an example, Figure 5
gives the estimated CCF between ˙̃x1�t and ˙̃yt after
prewhitening. Comparing the appearance of the
CCF with examples of impulse response functions
in the literature (see, for example, Montgomery
et al. 2008, pp. 305–306), the tentative structure
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FIGURE 5 Cross-correlation function (CCF) plot between ˙̃x1�t

and ˙̃yt after prewhitening. Approximate confidence limits for the
CCF are ±2/

√
N , where N is the total number of observations (in

this case 790 observations).

of the transfer function for ˙̃x1�t is assumed to
have r = 0 and s = 1. This is based on the
two large spikes for lags 11 and 12. Note that
we here observe a pure delay of 11 h, b = 11,
which means that it takes 11 h before ˙̃x1�t starts to
affect ˙̃yt.

A pure delay of 11 h makes sense and can be
explained in the following way. A change in the
composition of briquettes in the top of the furnace
takes 5–6 h to reach the reaction zone in the lower
parts of the furnace. Once in the reaction zone the
changed composition can start to affect the furnace
temperature. After this occurs it is not uncommon
that it takes another 5–6 h for the operators to
conclude that the furnace temperature has increased
or decreased. To determine whether the fuel rate
should be increased or decreased, the operators
monitor the pig iron temperature by analyzing the
chemical content of silicon from the pig iron. If
these analyses indicate a hot (or cold) furnace
state, the fuel rate is decreased (or increased). The
control of the fuel rate of the blast furnace is done
manually by the operators. Therefore, a pure delay
of 11 h seems like a reasonable delay for the control
actions.

The prewhitening procedure for the other two
inputs, ˙̃x2�t and ˙̃x1�t

˙̃x2�t, gave no clear indication of
the appropriate structure of the transfer functions.
There seemed to be no significant cross-correlation
between the prewhitened input variable ˙̃x2�t and
˙̃yt, which means that ˙̃x2�t is excluded from the
analysis. For the interaction variable ˙̃x1�t

˙̃x2�t the cross-
correlations after prewhitening for lags 0–1 are larger
than others, although not quite significant. A pattern
observed in the prewhitening plots for both ˙̃x2�t and
˙̃x1�t

˙̃x2�t was large cross-correlations for lags above
22. However, these are assumed to be spurious
correlations.

Step 6: Find a Tentative Model
for the Noise

This step includes the choice of an appropriate
ARIMA(p� d� q� model for the noise series. To find a
tentative model specification for the noise we study
the ACF and the PACF of ˙̃yt as well as for the residuals
after estimating the parameters of the tentative transfer
functions (without a model for the noise). These
studies suggest that the noise is adequately modeled
by a MA(3) or MA(4) model. A possible explanation
to the many MA terms in the noise model is due
to the smoothing in step 3 where the original data
are smoothed by taking a moving average of three
observations.

Step 7: Estimate the Parameters
of the Tentatively Entertained
Transfer Function–Noise Model

Table 1 provides a summary of the fitted tentatively
entertained models used in the model building
process. The evaluation of model parameters is done
using a significance level of 5%. This means that
we exclude the parameter(s) if the p-value is greater
than 0.05. All models were fitted using SAS JMP
10.0 (SAS Institute Inc., Cary, NC). Table 1 also
presents model criteria for comparison of the models.
For details about these criteria, see, for example,
Montgomery et al. (2008, pp. 57–60). Generally,
models with small standard deviation of the residuals,
small mean absolute errors, high adjusted coefficients
of determination, and small values on the Akaike
information criterion (AIC) and Schwarz information
criterion (SIC) are preferable.

Based on the conclusions in step 5, we started
by fitting a transfer function–noise model using ˙̃x1�t,˙̃x1�t

˙̃x2�t, and a MA(3) model for the noise; see model
a in Table 1. We conclude that the p-value for the
fitted transfer function parameter for ˙̃x1�t

˙̃x2�t is high
in model a and is therefore excluded. Consequently,
model b in Table 1 only includes ˙̃x1�t and a, MA(3)
model for the noise, with p-values below 0.05 for
all estimated parameters. Studying the residuals from
model b we found evidence in support of expanding
the noise model to a, MA(4) model. The final model
c is a continuation of model b but where the noise
model is based on a, MA(4) model. All of the
estimated parameters have p-values below 0.05 in
model c. For model c we see that R

2
adj is roughly
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TABLE 1 Comparison of Transfer Function–Noise Models a, b, and c

df SD MAE R2
adj AIC SIC

Fitted model ↑ ↓ ↓ ↑ ↓ ↓
a. 772 13.53 10.46 0.520 6,279 6,307
˙̃x1�t,˙̃x1�t

˙̃x2�t

r ˙̃x1�t�
˙̃x1�t

˙̃x2�t
= 0

s ˙̃x1�t
= 1

s ˙̃x1�t
˙̃x2�t

= 0

b ˙̃x1�t
= 11 ˙̃yt =

(
<0�0001
1.4257− <0�0001

1�5922B
)
˙̃x1�t−11 −

0�7102
0�0001 ˙̃x1�t

˙̃x2�t +
(

1 − <0�0001
0�6422B+

<0�0001

0�6468B2 −
<0�0001

0�3544B3

)
et

b ˙̃x1�t
˙̃x2�t

= 0

Noise� MA�3�

df SD MAE R2
adj AIC SIC

b. 773 13.53 10.46 0.520 6,277 6,301
˙̃x1�t

r ˙̃x1�t
= 0

s ˙̃x1�t
= 1

b ˙̃x1�t
= 11 ˙̃yt =

(
<0�0001
1�4178− <0�0001

1�5875B
)
˙̃x1�t−11 +

(
1 + <0�0001

0�6425B+
<0�0001

0�6471B2 −
<0�0001

0�3541B3

)
et

Noise� MA�3�

df SD MAE R2
adj AIC SIC

c. 772 13.49 10.43 0.523 6,274 6,302
˙̃x1�t

r ˙̃x1�t
= 0

s ˙̃x1�t
= 1

b ˙̃x1�t
= 11 ˙̃yt =

(
<0�0001
1�3589− <0�0001

1�5281B
)
˙̃x1�t−11 +

(
1 + <0�0001

0�599B+
<0�0001

0�6852B2 −
<0�0001

0�316B3 +
0�0232

0�0826B4

)
et

Noise� MA�4�

df = degrees of freedom; SD = standard deviation of the residuals; MAE = mean absolute prediction error.
The p -values for the estimated parameters are given above or below the parameter values. The arrows next to the model criteria indicate whether the

corresponding criterion should be large (↑) or small (↓). All models are fitted using statistical software package SAS JMP 10.0. (SAS Institute Inc., Cary, NC).

52.3%, which indicates that the model explains about
half of the variation in the data—the rest is noise.

According to model c, the estimated reduction
of the total fuel rate due to an increase of the
amount of briquettes from 40 to 100 kg/ton liquid
iron (low to high level in the two-level experiment)
is accomplished 12 h after the level change. The
estimated effect on the response due to this change
is calculated by(

100− 40
) · (1�3589− 1�5281

)
= −10�15 kg/ton liquid iron� [11]

Step 8: Diagnostics Checks
From the diagnostics checks of model c no

cross-correlation existed between the residuals and

the input series. Furthermore, according to the
ACF and the PACF in Figure 6, most of the
autocorrelation in the residuals has been removed.
Some autocorrelation remains in the residuals for lags
3 and 6, but this pattern occurs for all choices of noise
model that we have tested and it is likely due to the
extra autocorrelation we introduce into the data by
the smoothing in step 3. However, we see that the
residuals do not seem to be normally distributed.

Even if the three largest residuals are disregarded,
the curvature in the normal probability plot still
suggests a multiplicative nature of the errors and
that a transformation of the response series may
be needed. Hence, we proceed to test a number
of common transformations of yt. These include
the power transformations y

0�25
t , y

0�5
t , y

−0�5
t , and the

log transformation ln�yt�, which are all members of
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FIGURE 6 (a) and (b) Residual plot and normal probability plot of the residuals from the fitted model c in Table 1. All plots (a−d) in
Figure 6 are from Minitab 16 (Minitab, Conventry, United Kingdom). Autocorrelation function (ACF) of the residuals from the fitted model
c in Table 1. Partial autocorrelation function (PACF) of the residuals from the fitted model c in Table 1.

the more general class of Box-Cox transformations
proposed by Box and Cox (1964). By transforming
yt and then following steps 3–8 of the proposed
analysis procedure the log transformation turned
out the best in terms of handling the nonnormality
of the residuals. Table 2, as a continuation of
Table 1, presents the final selected model for the
log transformed response. All of the estimated
parameters have p-values below 0.05 in model d. For

model d the R
2
adj is now 47.9%, which is 4.4% lower

than for model c.
Based on d, the estimated reduction of the

total fuel rate due to an increase of the amount
of briquettes from 40 to 100 kg/ton liquid iron
(low to high level in the two-level experiment) is
still accomplished 12h after the level change. The
estimated effect on the response due to this change
is now calculated by

TABLE 2 Transfer Function−Noise Model d

df SD MAE R2
adj AIC SIC

Fitted model ↑ ↓ ↓ ↑ ↓ ↓
d. 772 0.01 0.02 0.479 −3,215 −3,287
˙̃x1�t

r ˙̃x1�t
= 0

s ˙̃x1�t
= 1

b ˙̃x1�t
= 11

·
˜ln �yt� =

(
0�0003

0�0024− <0�0001
0�0028B

)
˙̃x1�t−11 +

(
1 − <0�0001

0�5451B+
<0�0001

0�6059B2 −
<0�0001

0�2656B3 −
0�0123

0�0886B4

)
et

Noise�MA�4�

df = degrees of freedom; SD = standard deviation of the residuals; MAE = mean absolute prediction error.
The p-values for the estimated parameters are given above or below the parameter values. The arrows next to the model criteria indicate if the

corresponding criterion should be large (↑� or small (↓�. All models are fitted using statistical software package SAS JMP 10.0 (SAS Institute Inc., Cary, NC).
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FIGURE 7 (a) and (b) Residual plot and normal probability plot of the residuals from the fitted model d in Table 2. All plots (a–d) in
Figure 7 are from Minitab 16. Autocorrelation function (ACF) of the residuals from the fitted model d) in Table 2. Partial autocorrelation
function (PACF) of the residuals from the fitted model d in Table 2.

e6�12+�100�0�0024−0�0028��

−e6�12+�40�0�0024−0�0028��

= −10�62 kg/ton liquid iron� [12]

where the value 6.12 is the average of ln �yt� used
for centering in step 4. The estimated effect in [12]

is just slightly larger than the estimated effect in [11]

using model c.

From the diagnostics checks, no cross-correlation

existed between the residuals and the input series.

By studying the ACF and the PACF in Figure 7 we

conclude that they have a satisfactory appearance,

FIGURE 8 Fitted values of model d, transformed back to the original scale, versus the observations of the actual output response.
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indicating that the autocorrelation in the residuals
has been removed except for the somewhat larger
spike in lag 8. Furthermore, the normal probability
plot of the residuals now looks better after the log
transformation. Similar to the residuals from model
c, we have a few residuals with absolute value larger
than others that may be considered as outliers in the
normal probability plot.

Figure 8 shows a time series plot of the fitted
values of model d, transformed back to the original
scale, versus the observations of the actual output
response. The nice convergence of the fitted time
series to the observed values indicates that model
d follows the behavior of the process well. We
select model d as the final model, for which the
assumption of normally distributed residuals seems
better fulfilled.

CONCLUSIONS AND DISCUSSION
This article outlines how multiple-input transfer

function–noise modeling can be used to capture
system dynamics and estimate the effects from a
two-level factorial design performed in a dynamic
blast furnace process. An advantage of the time
series approach is that the dynamics and the
effects can be estimated from the same model.
Like most real experiments, our studied case was
affected by disturbances and the data needed to
be pretreated before the analysis. To deal with
these issues, we propose and illustrate an eight-step
analysis procedure for model identification based on
recommendations in the literature.

Our final chosen transfer function–noise model
gives us both an effect estimate and models system
dynamics. The estimated effect of increasing ˙̃x1�t, the
amount of briquettes from 40 to 100 kg/ton liquid
iron, provides a reduction in the total fuel rate of
approximately 10 kg/ton liquid iron. This estimated
effect does not occur instantly. The model includes
a pure delay of 11 h, which indicates that it takes
11 h before the changes in the amount of briquettes
start to affect the fuel rate in the process and the
whole effect is completed one hour later, 12 h after
the change in the amount of briquettes. The effect
estimate and the information about the transition time
are important for future experimentation in the blast
furnace. Hence, the time period of new experiments
can be reduced considerably.

However, the time series analysis approach has
drawbacks as well. Fitting a multiple-input transfer
function–noise model is quite complicated and
time consuming. In that respect, we argue that
the eight-step analysis procedure illustrated in this
article is an important contribution. Time series
analysis also requires a skilled analyst because
it includes a number of subjective deliberations
in the analysis procedure. Furthermore, process
disturbances leading to missing values and sampling
schemes warranting smoothing of the response
are two examples of further difficulties. When
experimenting on complex processes like the blast
furnace, the analyst should expect disturbances and
missing values of the type we illustrate above. When
using a time series analysis approach, the missing
values need to be replaced by some appropriate
estimate. We used the EWMA prediction, which is a
fairly simple method, for the disturbances that lasted
only a few observations. However, for the longer
disturbance we saw no alternative but to exclude
the observations from the response and the inputs
completely. Although it seems reasonable to exclude
the disturbance to avoid it affecting the results, the
drawback of this strategy is that we lose information
on what happens during the transition between
normal operation and the disturbance and there is
always a risk that the excluded information affects
our final results. For less invasive disturbances, where
the response is affected moderately, our first choice
would be to find some continuous measured process
variable or a categorical intervention variable that can
represent the disturbance and be treated as a new
input variable in the analysis. After fitting a transfer
function to this dummy variable, the disturbance
should be filtered out of the data and the residuals
from the model can be used in further analyses.
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Experimental study of oscillation mark depth
in continuous casting of steel

P. Lundkvist* and B. Bergquist

Mould oscillation is needed to reduce friction and thus prevent sticking and breakout of the liquid

metal during casting. However, this oscillation is known to cause surface defects in the solidified

steel slabs, so called oscillation marks. In this paper, the depth and the depth variation of these

oscillation marks were studied using a two-level full factorial experiment (24) with four additional

centre point runs. Four factors were studied: stroke length of the mould, oscillation frequency,

motion pattern (strip factor) and casting speed. The stroke length affected the depth of the marks

the most, where larger strokes created deeper marks. The interaction between the oscillation

frequency and the strip factor of the mould also affected the oscillation mark depth. The oscillation

mark depth variation was also increased by increased stroke lengths and at higher oscillation

frequencies. The largest effect on the oscillation depth variation was found for the interaction

between the stroke length and the oscillation frequency.

Keywords: Two-level factorial design, Continuous casting experiment, Continuous process, Analysis of variance, Design of experiment

Introduction
Continuous casting dominates global steel production,
being a cost and energy efficient method to produce
steel.1 The most critical step of the continuous casting
process is the initial solidification step, where the surface
is formed.1 During solidification, the mould oscillates
vertically to reduce the friction force between the mould
and the solidifying steel,2 and these motions create
tensile or compressive stresses on the surface, which
often lead to surface defects. These oscillation marks are
also present on the solidified slabs.3–5 The oscillation
marks may need to be removed by grinding,6 at
significant cost. The depth of oscillation marks has been
attributed to the frequency and stroke of the mould
oscillation and, in particular, to the velocity difference
between the mould and the casting speed.3,5 The
continuous casting process is illustrated in Fig. 1.

According to the stress state model, the problematic
velocity difference occurs when the mould moves down-
wards with a higher speed than the casting speed. During
this downward motion, the friction forces acting on the
solidified meniscus change the vertical surface pressure in
the solidified meniscus from a tensile state to a com-
pressive state. The velocity difference that occurs when the
mould descends faster than the solidifying steel is known
as negative strip, and the period where there is a negative
strip is called the negative strip time tN. The period where
the solidified meniscus descends faster than the mould is
known as the positive strip time. The negative strip time
for sinusoidal motion can be expressed as

tN~
1

pf
arc cos

vs

pfS

� �
(1)

where f is the oscillation frequency (cycle s21), vS is the
velocity of the mould (cm s21) and S is the stroke of the
mould (cm).3,5 An increase in tN is expected to increase
the depth of the oscillation marks. Many moulds can be
set to oscillate using non-sinusoidal patterns, where the
speed of the upstrokes may be different than the down-
strokes (see Fig. 2).

For such non-sinusoidal oscillations, the negative
strip time can be calculated8 as

tN
	~

2 1{tð Þ
pf

arc cos
2 1{tð Þvs

pfS

	 

(2)

where t is chosen between 0 and 1 and is the ratio of the
upward and downward oscillation stroke speed.
Increasing this ‘strip factor’ from a sinusoid (t50?5)
decreases the negative strip time and increases positive
strip time by decreasing the upward speed of the mould
and increasing the downward speed.

A limit for the casting speed is reached when it reaches
the velocity of the mould, that is, when vS equals p fS for
sinusoidal oscillation and p fS/(222t) for non-sinusoidal
oscillation patterns.5 Increasing casting speed has also
been found to reduce the oscillation mark.9

The size of the oscillation marks can also be affected
by factors other than oscillatory motion. The solidifica-
tion process and grain formation, along with the break-
age of these grains due to changing stress states, have
also been confirmed by affecting the formation of oscill
ation marks.10 The carbon content of the steel has been
shown to affect the depth, where higher carbon grades
have smaller marks3 and peritectic steels (C#0?1%)
the largest.3,6 Higher mould temperatures and reduced
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cooling of the mould have also been shown to reduce the
mark depths.5 Increasing the casting speed is thought to
reduce shell thickness during solidification, which
increases the mould heat flux; this is thought to explain
why increasing casting speeds also reduces oscillation
marks.5

The purpose of this paper is to identify factors that
affect the depth of the oscillation marks that arise from
the continuous casting process by conducting a two-level
factorial experiment. In the next section, we give the
background to the studied industrial process. We then
present the experimental design and the proposed
analysis methods and illustrate the results from the
analysis in our studied case. In the last section, we
provide conclusions and discussion.

Study case: continuous casting
experiment
To reduce oscillation marks, the engineers at Swedish
Steel AB (SSAB) wanted to test how different motions
of the mould and casting speed affected the depth and
the depth variation of the oscillation marks in the
continuous casting process. The factors that could be
studied and varied during regular production were
discussed; the chosen factors are shown in Table 1.
The choice was based on the idea that these factors were

considered changeable, and if the changes were moder-
ate, they were not expected to result in products that had
to be scrapped.

Table 1 shows four experimental factors with original
settings, experimental settings of each level and expected
best settings.

The selected levels were limited by production
considerations, especially by the negative strip time,
which the SSAB engineers had decided should be kept
between 0?1 and 0?2 s. Two different oscillation patterns
with different strip factors t are shown in Fig. 2. The
steel used for the experiment was of type Domex 420
MC, a hot rolled, weldable steel for cold forming, with a
low carbon content (#0?10%), low silicon content
(#0?03%) and low phosphorous content (#0?025%),
with a yield strength of 420 MPa.

Experimental design and results
A checklist, inspired by Coleman and Montgomery,11

was used to structure the planning activities of the
experiment. Warehousing concerns limited the max-
imum number of runs to 20, and it was decided that a
full factorial design with four additional centre points
without replicates was the best way to use the available
degrees of freedom. Such a design makes it possible to
determine the factors that are most important for this
process and identify any interactions between factors.12

1 Outline of continuous casting process (from Magnusson7 with permission)

Table 1 Experimental factors with current settings, experimental settings, expected best setting by engineers and
referenced settings

Experimental factor Unit Current setting
Experimental setting Engineers expected

best setting

Expected best
setting based on
Badri et al.5,8 and
Moerwald et al.8

Low High

Stroke length S (x1) mm 5.7 5 8 Low Low
Oscillation frequency f (x2) stroke/min 116 120 150 High High
Oscillatory motion pattern
(strip factor) t (x3)

… 0.5 0.5 0.65 Low Low

Casting speed (x4) m min21 1.35 1.35 1.45 Low High

Lundkvist and Bergquist Oscillation mark depth in continuous casting of steel
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The design, with each factor tested eight times at a high
or low level, was also considered to be large enough to
allow effects to be estimated at an appropriate level of
precision. The chosen response variables were the
average oscillation mark depth and the oscillation mark
depth variation on the steel slabs.

The depth was measured with a Swerea KIMAB/
Selcom laser instrument (accuracy, 0?01 mm) (see
Figs. 3 and 4). The length of time between changes of
the ladle determined the individual run time (,36 min).
After a ladle change, the process was allowed to settle
for 20 min and reach steady state conditions with the
new experimental settings. However, due to high carbon
content, two of the experimental runs had to be ignored
(see Table 2), resulting in data from 18 usable runs.

Responses and transformations
The responses selected were the average oscillation mark
depth for the measurements and the logarithm of the
standard deviations of the depths. Logarithmic trans-
formation is recommended for standard deviation
responses, since the transformation tends to produce a

normal distribution for the data.12 Oscillation depth
measurements on the solidified slabs were obtained from
slab surfaces produced 20 min into every run to
guarantee that stable (steady state) conditions had been
reached. The averages of the mean oscillation mark
depth -y and a measure of the variation of the depth in
each run were based on these measurements. The
variation was estimated from the mean standard
deviation of depth, which was then logarithmically
transformed ln -sð Þ.12 The negative strip times shown in
Table 2 were calculated using equation (2) and were not
a factor in the experiment but a result of the settings of
the other factors. Moreover, the negative strip time was
not included in the initial ANOVA analysis since it is
calculated from the settings of other factors and
introduces multicollinearity into the analysis. Results
were considered to be statistically significant when
p,5%.

Results
Table 3 shows an ANOVA table (Design Expert 8?0
software) for the response variable -y. Two factorial
effects were found to be significant at p,5%: the stroke
length x1 and the interaction effect between frequency
and strip factor x2x3. Furthermore, the significance of
the casting speed x4 was only slightly higher than 5%.
Although the direction of the estimated effect of the
casting speed was what the engineers had expected, it did
not correspond to the results of previous research.5,8 As
the effect was not statistically significant, it was ignored.
The correlation coefficient of the average oscillation
depth (model a), adjusted for degrees of freedom, R2

adj is
50?1%.

Two effects actively influenced the stroke depth
variation: the stroke length x1 and the interaction effect
between stroke length and frequency x1x2, with R2

adj of
43?7% (see Table 4).

The resulting models for the experiment are shown in
Table 5. Note that both models include factors that, by

2 Mould motion for sinusoidal (t50?5) and non-sinusoidal

(t50?75) oscillations

Table 2 Two-level factorial design for four factors with four additional centre points without any replicates. Experimental
factors are as follows: x1 stroke length of mould (mm), x2 frequency of mould (stroke/min), x3 oscillatory motion
pattern (strip factor) of mould, x4 casting speed (m min21), tN

* negative strip time according to equation (2), -y
average depth of oscillation mark and -s average of standard deviation. Runs 11 and 16 were ignored due to
high carbon content. Four centre points are shown at bottom of table (Std order 17–20)

Std order Run order x1/mm x2/stroke/min x3 x4/m min21 tN
*/s ȳ/mm s̄/mm

1 18 5 120 0.5 1.35 0.1 0.198 0.098
2 3 8 120 0.5 1.35 0.16 0.181 0.122
3 8 5 150 0.5 1.35 0.11 0.196 0.127
4 19 8 150 0.5 1.35 0.14 0.265 0.133
5 5 5 120 0.65 1.35 0.11 0.214 0.088
6 4 8 120 0.65 1.35 0.13 0.286 0.189
7 16 5 150 0.65 1.35 0.1 … …
8 1 8 150 0.65 1.35 0.11 0.210 0.116
9 2 5 120 0.5 1.45 0.09 0.211 0.124
10 13 8 120 0.5 1.45 0.15 0.238 0.134
11 4 5 150 0.5 1.45 0.1 0.228 0.131
12 10 8 150 0.5 1.45 0.14 0.262 0.127
13 14 5 120 0.65 1.45 0.1 0.211 0.116
14 12 8 120 0.65 1.45 0.13 0.298 0.208
15 6 5 150 0.65 1.45 0.1 0.209 0.130
16 9 8 150 0.65 1.45 0.11 0.220 0.134
17 15 6.5 135 0.58 1.4 0.12 0.236 0.125
18 17 6.5 135 0.58 1.4 0.12 0.221 0.130
19 11 6.5 135 0.58 1.4 0.12 … …
20 20 6.5 135 0.58 1.4 0.12 0.243 0.128
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themselves, are not big enough to be classified as
significant, but are included since they are significant
as a result of their interaction with other factors (see also
Figs. 5 and 6).

Negative strip time
Negative strip time is a function of the settings of the
other input variables but appears to have a profound

effect on the oscillation marks. Therefore, a regression
was performed to check if the results can be better
explained using the negative strip time as an indepen-
dent variable. Including strip time in a regular regression
analysis may cause multicollinearity, as the independent
variables (regressors) were not uncorrelated. Variance
inflation factors (VIFs) can be used to check the
independence of the regressor and are equal to the
diagonal elements of the inverse of the correlation

3 Graph of surface measurements and photograph showing where, on surface, laser beam is located (measurements

and surface photograph are for different slabs)

4 Swerea KIMAB/Selcom laser instrument

Table 3 Extract from original ANOVA of two-level factorial design for response variable ȳ, where x1 is stroke length, x2

is mould frequency, x3 is strip factor and x2x3 is interaction between frequency and strip factor: two effects are
significant at p,0?05

Source Sum of squares Degrees of freedom Mean squares F value p value

Model a) 0.010 4 0.0026 5.26 0.0096
x1 0.0053 1 0.0053 10.73 0.0060
x2 0.0002 1 0.0002 0.36 0.5600
x3 0.0002 1 0.0002 0.37 0.5514
x2x3 0.0053 1 0.0053 10.67 0.0061
Pure error 0.0002 2 0.0001
Cor total 0.017 17
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matrix. Ideally, the VIFs should be 1 and should not
exceed 10.13

Ridge regression may be used for situations where
individual regression coefficients are unstable due to
multicollinearity.13 Regular regression uses the regression
equation b̂~ X’Xð Þ{1X’Y, where b̂ is the (n61) vector of
estimated regression coefficients, Y is the (n61) vector of
observed dependent variables and X is the (n6p) matrix
containing the values of the predictor variables (the
experimental design matrix). However, when there is
severe multicollinearity among the predictor variables,
this dependence causes the estimates of individual regres-
sion coefficients to become unstable. In ridge regression,
the regression equation is b̂	~ X’XzhIð Þ{1

X’Y , where I is
the identity matrix, and h is the ridge regression parameter,
chosen to be between 0 and 1. Adding a non-zero value for
h helps in removing collinearity problems and stabilising
regression coefficients, but at the cost of adding bias to the
result; thus, the choice should be made with care.

In this case, adding the scaled and centred negative
strip time introduced an acceptable VIF of 4?3 for the

regression for the average oscillation depth and a VIF of
3?5 for the logarithm of the standard deviation of the
oscillation depth regression. Nevertheless, a ridge
regression analysis was performed to test whether the
negative strip time had explanatory power and if the
addition of this factor to the original analysis could
explain results outside the original factorial design
(Statgraphics Centurion 16?1 software). A model based
on the factors previously found and adding the scaled
and centred negative strip time generated a model with
poorer R squared, adjusted for degrees of freedom
(44?7%). The reduced explanatory power of the model
when the negative strip time was added indicates that
there is little additional explanatory power from adding
it to the model and the original linear regression model,
and ANOVA analysis was therefore considered ade-
quate. A similar approach was used for the depth
variation response, with similar results.

Discussion
A choice of a shorter stroke length and low frequency of
the mould reduces the variation in mark depth (Table 5,
model b, and Fig. 6). Thus, if the oscillation mark depth
and depth variation are the only concerns (Table 5,
models a–b), the stroke length x1, frequency x2 and strip
factor x3 should all be set to their lower values (see also
Figs. 5 and 6). However, if a higher stroke frequency is
chosen (which could be beneficial for other reasons, see
conclusions), that choice should be complemented with
a high strip factor. This setting will produce small
marks, albeit with a greater variation in their depths.
The results suggest a high stroke frequency would make
the process insensitive to the choice of stroke length.

Furthermore, the casting speed x4 did not have a
significant effect on the depth of the oscillation mark in

5 Interaction between frequency and strip factor x2x3 for

oscillation mark depth ȳ

6 Interaction between stroke length and frequency x1x2

for logarithm of oscillation mark standard deviation s̄

Table 4 Extract of original ANOVA analysis on two-level
factorial design for response variable ln(s̄), where
x1 is stroke length, x2 is stroke frequency and x1x2

is interaction between stroke length and fre-
quency: two effects are significant at p,0?05

Source
Sum of
squares df

Mean
square F ratio p value

Model b 0.34 3 0.11 5.40 0.0111
x1 0.14 1 0.14 6.838 0.0204
x2 0.0006 1 0.0006 0.028 0.8695
x1x2 0.17 1 0.17 8.11 0.0129
Pure error 0.0006 2 0.0003
Cor total 0.63 17

Table 5 Final equation in terms of coded and actual factors for models a and b: all models are fitted using statistical
software package Design-Expert 8

Fitted model: coded factor levels Fitted model: actual factor levels

Model a -y~z0:23z0:019x1{0:003x2

z0:004x3{0:019x2x3

-y~{1:162z0:013x1z0:009x2

z2:326x3{0:017x2x3

Model b ln(s̄)~{2:05z0:098x1{0:006x2{0:11x1x2 ln(s̄)~{6:581z0:706x1z0:030x2{4:744x1x2
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this experiment. Selecting a high casting speed would
increase the production rate by ,7?5%.

Inclusion of the negative strip time as a regressor in
the model did not explain more of the experimental
variation. The original set of regressor variables was
sufficient in this experiment. This result does not
disprove the strip time model while pointing to the
importance of many of the parameters of the model. It
does not, on the other hand, generate further proof of
the relationship between the parameters as indicated in
the negative strip time formula.

Conclusions
As with previous studies, this study shows that a short
stroke length has a positive effect on the mark depth.6

However, contrary to earlier results and strip time
theory,6,14 this study shows that the depth of the
oscillation marks can be reduced by decreasing the
oscillation frequency. This unexpected result could
perhaps be explained since the interaction between
stroke length and frequency was not considered in
earlier studies. However, reducing the frequency must be
performed with caution, since oscillation is needed to
reduce casting friction. A low oscillation frequency also
increases casting powder consumption.5,6

We did not find studies where the strip factor had
been changed in combination with the oscillation
frequency, so that the interaction effect could be studied.
However, it seems reasonable that this interaction would
affect the depth of the marks, since both affect the speed
of the motion. Why these results have not been found in
earlier studies may be since these factors were not
studied simultaneously, which cannot be carried out
without a factorial type of experimental design. Another
reason may be that such factorial interactions have been
found, but considered proprietary information related to
the competitiveness of the firm.
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Analyzing Two-Level Factorial Designs
with Time Series Responses and 
Dispersion Effects
Peder Lundkvist1

1Luleå University of Technology, Quality Technology and Management, SE-
97187, Luleå, Sweden

An experimenter is often interested in estimating effect dynamics, such as 
transition time, alongside effect sizes when doing experiments in dynamic 
processes. However, dynamic processes are often complex and can be affected 
by unknown dispersion effects, which can be difficult to handle during analysis. 
The purpose of this article is to compare the robustness of two analysis methods 
to estimate location effects for two-level factorial experiments where the time 
series responses are affected by dispersion effects. The two analysis methods 
are: [1] calculating the effects from the average of the response in each run after 
removing the transition time and [2] estimating the effects through transfer 
function-noise modeling. The results show that transfer function-noise models 
underestimate the size of the active effect(s) when time series responses are
affected by dispersion effects, especially when the same factor has both a 
location and dispersion effect. One likely explanation is that the process 
dynamics, such as, transition time, no longer is a significant part of the transfer 
function-noise model. However, transfer function-noise models have been found 
to be more robust by rendering slightly fewer false effects and finding more of 
the active effects when the time series responses are affected by dispersion 
effects.

Keywords: two-level factorial effects, process dynamics, dispersion effects, 
design of experiments, time series analysis
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Introduction
Responses from industrial processes are often measured with high sampling 
frequencies, which in combination with dynamic behavior lead to positively 
autocorrelated response variables, as seen, for example, in work by Vanhatalo 
and Bergquist (2007) and He et al. (2014). When analyzing experiments on such
systems it is natural to look towards methods in the time series analysis field
since they can model the autocorrelation among the response observations, see, 
for example, Box et al. (2008) and Montgomery et al. (2008). However, the time 
series aspect is often disregarded and instead, a single response value is assigned 
for each experimental run (e.g., the run average). According to Vanhatalo et al.
(2013), experiments analyzed with time series responses can be of value,
especially when the process is dynamic and exhibits a time delay between the 
process variable(s) and the resulting process response. Vanhatalo et al. (2013)
recommended the following two methods to estimate location effects for two-
level factorial experiments with time series responses:

Method 1: Using averages for each run as the response, but with 
observations during an estimated transition time between runs removed.

Method 2: Using a multiple-intervention noise model and estimating the 
effects through the estimated parameters of the significant transfer 
functions.

The comparisons of analysis methods in Vanhatalo et al. (2013) were done
by simulations of a dynamic continuous process under the assumption that the 
effects only affect the mean of the process, not the process dynamics or 
variability. The results from the simulations in Vanhatalo et al. (2013) show that 
Method 1 and Method 2 result in similar effect estimates, standard deviations of 
the estimated effects, and mean squared errors when the experiments are 
replicated. For unreplicated experiments intervention-noise models are found to 
be more comprehensive by rendering slightly fewer false effects and finding
more of the active effects. However, Vanhatalo et al. (2013) do not address what 
happens if the experiment is affected by dispersion effects, which is a more 
realistic scenario, as is seen with Tsai et al. (2015), for example. Therefore, it is 
important to sort out the consequences of dispersion effects for the interpretation 
of the experiment in dynamic processes. Furthermore, by using multiple-
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intervention noise models (Method 2) as in Vanhatalo et al. (2013), the analyst 
needs to postulate a tentative structure for the transfer functions. Instead of using 
multiple-intervention noise models, the so-called “prewhitening procedure” is 
typically used to determine the structure when using transfer function-noise 
modeling, as described by Bisgaard and Kulahci (2011), as well as Jenkins 
(1979), for example. An eight-step analysis procedure when using transfer 
function-noise modeling with prewhitening can be found in Lundkvist and 
Vanhatalo (2014). However, transfer function-noise modeling is not designed 
for cases with different dispersion effects and, therefore, one can suspect that it 
performs worse in these cases.

The purpose of this article is to compare the robustness of two analysis 
methods to estimate location effects for two-level factorial experiments where 
the time series responses are affected by dispersion effects, in other words, to 
examine where an experimental factor affects the variability of the resulting 
process response. The two analysis methods are: [1] calculating the effects from 
the average of the response in each run after removing the transition time and,
[2] estimating the effects through transfer function-noise modeling with 
prewhitening. The comparisons are made by analyzing simulated replicated 23

factorial experiments with known effect sizes and dynamic behavior.

Analysis Methods under Consideration
This section proposes, discusses, and outlines two analysis methods for two-
level factorial designs with time series responses.

Method 1, based on averages for each run after removal of the 
transition time
The averages of the observations in each run are used as responses in a 
traditional analysis using an ANOVA or a normal probability plot of the 
estimated effects. More formally, let run i, 1,2,...,i k include the response 
observations 21 , ,..., ,

i

i i i
ny y y where ni is the number of observations in run i.

Then, the response from the ith run, ( )iy , is simply the average calculated from a 
set of observations where the inputs are all held fixed at the levels given by the 
experimental design for run i:

( ) ( )

1

in
i i

j
ji

iy y
n

. (1)
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Once the transition time is estimated, by visual inspection of the time series,
the observations during the transition time are removed from each run and the 
adjusted averages are calculated and used as responses. Vanhatalo et al. (2010)
proposed a formal method for determining the transition time for experimental 
factors in dynamic processes based on transfer function-noise modeling, which 
is used in this article.

Method 1 can also provide information about the process variability as, for 
example, with the magnitude of the dispersion effects, by examining the 
residuals. For more discussion of this procedure, see Montgomery (2013) and 
Myers and Montgomery (2002).

Method 2, based on transfer function-noise modeling
The dynamic relationship between the experimental factors and the response can 
be modeled by transfer function-noise models, see, for example, Bisgaard and 
Kulahci (2011), Box et al. (2008, Chapter 11) and Jenkins (1979).

Let the output series ty be the time series response variable from the entire 
experiment. Assume that the inputs and the output are a zero-mean stationary 
time series, and that we have the following model:

1 1, 2 2, 12 1, 2,... ...t t t t t ty B x B x B x x N , (2)

where B is the backshift operator on t, 1 B is the transfer function for 1,tx , and
where the multiple input time series 1, 2, 1, 2,, ,..., ,...t t t tx x x x may affect the output 
series ty . The main experimental factors are represented by 1, 2,, ,...t tx x , with

1, 2,t tx x being an example of a cross product representing the interaction between 
1x and 2x . Finally, tN represents the unobservable zero-mean noise. In this 

application, the input time series 1, 2, 1, 2,, , ,...t t t tx x x x have been manipulated 
according to the two-level factorial plan, and we want to study their effect on the 
response variable ty . Following conventional theory for transfer function-noise 
modeling, we assume that the number of coefficients in the transfer functions, 
consider 1 B as an example, are limited to a fairly small number and that they 
follow a structure with rational polynomials distributed over a numerator and a 
denominator according to:

11 ,1
0,1 1,1 ,11

1 ,1
1 1,1 ,11

bsb
s

r
r

B B BB B
B

B B B
, (3)

where the coefficients 0,1 1,1 ,1, ,..., s and 1,1 2,1 ,1, ,..., r determine the structure 
of 1 B . Moreover, s and r are the orders of the numerator and denominator, 
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respectively. Sometimes there is a delay before the input variables start to affect 
ty . If we assume that this “pure delay” in (3) is 1b time units for 1x , then (2) can 

now be expressed:

tbtbtbtbtt Nxx
B
Bx

B
Bx

B
By

121221 ,2,1
12

12
,2

1

1
,1

1

1 . (4)

Furthermore, it is assumed that the noise series tN is uncorrelated with the 
inputs, and that the noise can be represented by an autoregressive integrated 
moving average model, ARIMA(p,d,q), such that:

tt
d BNBB 1 , (5)

where 11 ... p
pB B B , 11 ... q

qB B B , 1 2, ,..., p are the 
autoregressive (AR) coefficients, p is the order of the AR part of the model, 

1 2, ,..., q are the moving average (MA) coefficients, q is the order of the MA 
part of the model, and t represents white noise. More on how to fit ARIMA 
models can be seen in works by Montgomery et al. (2008), for example. If we 
now combine (4) and (5), the complete model can be expressed:

1 2 12 12

1 2 12
1, 2, 1, 2,

1 2 12

Transfer functions

Noise model

...

...
1

t t b t b t b t b

t

B B B
y x x x x

B B B

B
B B

(6)

The proposed analysis procedure has the following eight steps, for more 
information, see Lundkvist and Vanhatalo (2014):

1. Visualize data
2. Handle missing data and disturbances
3. Use smoothing (if necessary)
4. Scale the input and output variables so that they have mean zero
5. Find a tentative structure for the transfer functions for all inputs
6. Find a tentative model for the noise
7. Estimate the parameters of the tentatively entertained transfer function-

noise model
8. Do diagnostics checks
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In this article, all steps except step 4 were used, since exclusion of step 4 
simplified the visualizing of the time series response. In addition, the exclusion 
of step 4 did not affect the results of the analysis.

Simulation of Time Series Responses
According to Bisgaard and Kulahci (Bisgaard and Kulahci, 2011) can process 
data that is stationary and autocorrelated be modeled by an ARMA(p,q) model. 
Under normal operation this model is assumed to represent the process response 

ty , where:

1 1

p q

t i t i t i t i
i i

y y . (7)

The mean of a stationary ARMA(p,q) is given as:

1 21 ...t
p

E y . (8)

Since this study is based on the study by Vanhatalo et al. (2013), the same 23

factorial experimental design and process parameters are used. This choice was
made to reduce complexity, yet there are still seven possible main effects and 
interactions that can affect the time series in equation (7). Furthermore, the same 
limitations are used, except those from location effects, which are limited to 
sizes of 0.25, 0.5, and 1.0 times the process’ standard deviation under normal 
operation. The following time series model was used during the simulations:

( ) ( ) ( ) ( )

1 1 Added dynamic effects

... ...
p q

A B AB ABC
t t i t t i t t t t

i i
y y , (9)

where ( ) ( ) ( ) ( )... ...A B AB ABC
t t t t are the contributions to the mean of the 

time series at time t due to possible main and interaction effects. The model is 
intended to take consideration of gradual change of the response and pure lag. 
Transfer functions are used to model this behavior, see, for example, Box et al.
(2008) and Jenkins (1979).

In Vanhatalo et al. (2013), the parameters in the simulations are related to a
blast furnace process, which is, a continuous manufacturing process in the steel 
manufacturing industry. The same procedure applies for the simulations in this
study, except that one experimental factor affects the variability of the resulting 
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process response. The simulated response in Vanhatalo et al. (2013) was carbon 
monoxide (CO) efficiency (hereafter CO ), an important response for the blast 
furnace, where higher values are generally preferred as they indicate a more 
energy-efficient process. The gas efficiency response from a blast furnace using 
hourly observations is, in this case, described by an ARMA(1,1) process under 
normal operation as:

11 1 1t tCO CO t t . (10)

The ARMA(1,1) process is stationary if 1 1, and the mean of the 
stationary ARMA (1,1) process is

11tE y , (11)

the variance is

2
2 2 1 1 1

(1,1) 2
1

1 2
1tARMA , (12)

and the expected long-term effect of factor A, when factor A is changed from its
low (–1) level to its high (+1) level (two units), is

1

2
1 1

A
effect

A

A , (13)

where A is a constant, 0 1A , which determines the “inertia” of the effect 
and a larger value of A results in longer transition time, see Box et al. (2008, p. 
531). Further details about the simulation of the time series can be seen in
Vanhatalo et al. (2013).

Based on Vanhatalo et al. (2013), the following parameters are assigned to 
the ARMA(1,1) model in equation (10) such as:

1 119.2 0.6 0.28
t tCO CO t t , (14)

with 2 0.36
t

. Hence, the process mean is 48 (19.2/1–0.6), and the standard 
deviation is

2

(1,1) 2

1 0.28 2 0.6 0.280.36 0.7956 0.892
1 0.6ARMA . (15)
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Note that there is a numerical error in equation (18) in Vanhatalo et al. 
(2013), where they calculated (1,1) 0.765ARMA instead of 0.892. This may have 
affected the estimated values in their article, though it would not have changed 
their results very much.

To compare the analysis methods, completely randomized 23 factorial 
designs with replications are simulated. Each simulation in this article uses a 
new completely randomized run order where each run lasts for 48 hours to avoid 
an unrealistically lengthy experiment. Thereafter, a time series, ty , is produced 
for each simulated experiment and each run, see Table 1.

Table 1. A replicated eight-run 23 factorial experiment with 48 observations in 
each run.

Standard 
order A B C AB AC BC ABC Replication 1 Replication 2

abc – – – + + + – 1,1 1,1 1,1
1 47, ,..., t t ty y y 1,2 1,2 1,2

1 47, ,..., t t ty y y
Abc + – – – – + + … …
aBc – + – – + – + … …
ABc + + – + – – – … …
abC – – + + – – + … …
AbC + – + – + – – … …
aBC – + + – – + – … …
ABC + + + + + + + 8,1 8,1 8,1

1 47, ,..., t t ty y y 8,2 8,2 8,2
1 47, ,..., t t ty y y

Using equations (13) and (15), the signal-to-noise ratio, ASN , for the main 
effect of factor A in relation to the standard duration of the process response 
under normal operation is:

2
2 1 1 1

1 2
1

2
1 21 1

1t

A
A

A

SN .
(16)

When ASN grows larger, it will be easier to detect the effect through the noise of 
the process. The significance level 0.05 is used in all analyses, and ten
simulations are made for each model and scenario.
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Comparison of Analysis Methods with 
One Active Effect and Dispersion Effects
In this section, simulations are performed by varying the location effect of A,
and by adding dispersion effects connected to the experimental factors A or B, 
to the process. Thereafter, the performance of Method 1 and Method 2 are 
compared. The number of simulations and cases are limited since the analysis by 
transfer function-noise models cannot be automated, and because the analysis
requires manual manipulation. All simulations use the model in equation (14), 
which illustrates a process under normal operation. The same factors as in 
Vanhatalo et al. (2013) are held at constant level: a 23 factorial design, run 
length at 48 observations (h), and dynamics of the effect 0.5A and 1Ab .
For Method 1, after visual inspection of the time series, the first 10 h in each run 
are excluded in all cases. For Method 2, the noise is adequately modeled by an 
ARMA(1,1) model for all 10 simulations in all cases. All models for Method 1 
were fitted using Design Expert® version 9, while Method 2 used JMP® version 
11.

The analysis methods are compared for different effect sizes by varying A

and adding dispersion effects connected to the experimental factors A or B. For 
example, dispersion effect = 2A, means that the standard deviation of the 
innovations t are doubled when factor A is on its high level, which is 
illustrated in Figures 1-2.

Results from 10 simulations for cases with 0.25ASN , 0.5ASN , and 
1ASN are provided in Tables 2-3. By studying Table 2, the case with no added 

dispersion effect, it is seen that both methods estimate similar effect size for 
effect A. However, the number of significant false active effects is more 
frequent when using Method 1. By studying Table 3, all cases, the following can 
be noticed: Method 2 underestimates the average effect estimates of effect A 
when dispersion effects are added to the process, especially when the active 
effect A is affected by dispersion effects; meanwhile, Method 1 estimates the 
effects closer to the true value. Furthermore, the standard deviation of the 
estimated effects and mean squared errors increase for both methods when 
dispersion effects are added, while the coefficient of determination and adjusted 
coefficient of determination decrease. Finally, Method 1 finds significant false 
active effects more frequently than Method 2.
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Figure 1. Simulated time series: 
1

( )
119.2 0.6 0.28

t t

A
CO CO t t t ,

with 0.089A , SNA = 1, 0.5A , 1Ab , dispersion effect = 2A, 
and run length of 48 h. Note that the coding “abC” in run 1 means 
that factors A and B are on their low level while factor C is on its 
high level.

Figure 2. The Gaussian noise series, t , from the simulated time series in 
Figure 1. Note that the variability in t approximately doubles when 
factor A is on its high level.
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Table 2. The estimated main effects of factor A using Methods 1 and 2 for 10 
simulations for the case with SNA = 1 and no dispersion effect, 
where the true value of effect A is 0.89. The mean squared error is 
calculated as the mean squared deviation of the estimated effects 
from the true effect of 0.89.

Simulation Method 1 Method 2 Simulation Method 1 Method 2

1 .80 .81 1 A A

2 1.02 1.02 2 A A

3 .86 .94 3 A, ABC A

4 .94 .96 4 A A

5 .98 .98 5 A A

6 .87 .87 6 A, AC A

7 1.00 1.02 7 A A

8 .84 .86 8 A A

9 .86 .88 9 A, C, AC A, C

10 1.06 1.01 10 A A
Average estimated 
effect of A .93 .93 Total no. active 14 11

Standard deviation
of estimated effect .09 .08 Total no. false 4 1

Mean squared error .01 .01
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Table 3. Results from Methods 1 and 2 for 10 simulations. The simulated 
effects are given as: 0.89effectA is determined by 0.089A ,

0.5A , and 1Ab ; 0.45effectA is determined by 0.045A ,
0.5A , and 1Ab ; and 0.22effectA is determined by 0.022A ,
0.5A , and 1Ab .

Method 1 Method 2

SNA 1 1 1 1 .5 .5 .25 1 1 1 1 .5 .5 .25
Size of 
dispersion effect
and factor on 
which it is 
acting

- 2A 2B 4A 2A 2B 2A - 2A 2B 4A 2A 2B 2A

True effect .89 .89 .89 .89 .45 .45 .22 .89 .89 .89 .89 .45 .45 .22
Average 
estimated effect 
of A

.93 .89 .93 .97 .45 .46 .35 .93 .76 .87 .76 .37 .40 .30

Standard 
deviation of 
estimated effects

.09 .20 .14 .25 .14 .10 .09 .08 .21 .19 .25 .19 .09 .02

Mean squared 
error .01 .04 .02 .06 .02 .01 .02 .01 .06 .03 .07 .04 .01 .01

R squared .91 .71 .76 .61 .73 .54 .37 .74 .65 .64 .58 .58 .58 .56
R squared
adjusted .90 .69 .74 .57 .70 .49 .33 .74 .65 .64 .58 .58 .58 .56

Total no. of 
effects declared 
active

14 10 13 8 10 16 4 11 10 12 10 9 11 4

Total no. of 
active effects 
not found

0 0 0 4 2 0 6 0 0 0 2 1 0 6

Total no. of 
effects falsely 
declared active

4 0 3 2 2 6 0 1 0 2 2 0 1 0

An additional 10 simulations for 1ASN and dispersion effects = 2A, 4A,
and 2B were made to investigate whether the difference between the estimates 
of the two methods was due to insufficient number of simulations. However, 
similar results were produced from the additional simulations.
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Further Comparison of Analysis Methods 
with Three Active Effects and Dispersion 
Effects
This section compares the performance of Method 1 and Method 2, where there 
is more than one active effect and when dispersion effects = 2A are added. The 
same process and replicated 23 factorial experiments as in the previous case are 
used, but now with three active effects: A, B and AB, all positive. Note that 
different effect sizes as well as effect dynamics are simulated, and there is a
slower propagation of the largest effect B, than for effects A and AB. Table 4
gives the parameters used for the simulations. Again, 10 simulated experiments 
are used.

This analysis followed the previously described analysis without any 
differences for all 10 simulations in all cases: the first 10 h in each run are 
excluded for Method 1, and for Method 2 the noise is modeled by an 
ARMA(1,1).

Table 4. Parameters used for the simulations of effects.

Effect b True effect effectSN

A .071 .5 3 .714 .8

B .321 .1 0 1.784 2

AB .107 .5 3 1.070 1.2

Table 5 shows similar results for the case with one active effect. Again, 
Method 1 seems to generate slightly more false active effects, but estimates the 
effects closer to the true value.
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Table 5. The estimated effects and number of significant effects using 
Methods 1 and 2 for 10 simulations.

Method 1 Method 2

Simulation
Estimated effects Significant 

effects
Estimated effects Significant 

effectsA B AB A B AB

1 .51 2.01 1.05 A, B, AB .33 1.53 .99 A, B, AB

2 .71 1.90 1.17 A, B, AB .63 1.50 1.06 A, B, AB

3 .75 1.80 1.12 A, B, AB .49 1.55 .70 A, B, AB

4 .84 1.87 1.33 A, B, AB, 
BC .76 1.56 1.16 A, B, AB

5 .53 1.90 1.18 A, B, AB .45 1.66 1.19 A, B, AB

6 .64 1.99 1.15 A, B, AB, 
BC, ABC .41 1.55 .61 A, B, AB, 

BC
7 .68 1.61 1.03 A, B, AB .54 1.34 1.00 A, B, AB

8 .54 1.66 1.02 A, B, AB .37 1.35 .93 A, B, AB

9 .96 1.68 1.19 A, B, AB 1.01 1.32 1.05 A, B, AB

10 .81 1.55 1.02 A, B, AB .72 1.33 .90 A, B, AB

True effect .71 1.78 1.07 .71 1.78 1.07
Average 
estimated effect .70 1.80 1.13 .57 1.47 .96

Standard 
deviation of 
estimated effects

.15 .16 .10 .21 .12 .19

Mean squared 
error .02 .02 .01 .06 .11 .04

Total no. of 
effects declared 
active

33 31

Total no. of 
effects falsely 
declared active

3 1

Conclusions and Discussion
This article outlines and compares the robustness of two analysis methods when 
dispersion effects exist. The comparison is done by estimating location effects 
for two-level factorial experiments with time series responses affected by 
dispersion effects. The analysis methods are compared by simulations of a 
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dynamic continuous process under the assumption that the effects affect the 
mean and variability of the process.

The process of fitting separate time series models to each run requires input 
and iterative evaluation by the analyst in the different model building steps, see 
Lundkvist and Vanhatalo (2014). Since the analysis process was difficult to 
automate in this study it became time consuming and therefore was each setting 
limited to 10 simulations. Furthermore, several parameters were kept constant 
during the simulations in order to mimic the simulations in Vanhatalo et al. 
(2013). This includes the choice of the 23 design, the run length, and the 
dynamics of the effects, except for the additional dispersion effects.

The results from the simulation study, when dispersion effects are added,
show that Method 1 performs better estimating the location effects closer to the 
nominal value with smaller standard deviations of the estimated effects and 
mean squared errors. The underestimated effect size for Method 2 can be 
explained by the fact that it does not include dynamics in terms of transition 
time when dispersion effects are added. This applies in particular when the 
dispersion effect affects the active effect. Figure 3 illustrates how the mean 
value of CO is underestimated when the process dynamics, such as, transition 
time, no longer is a significant part of the transfer function-noise model. For 
example, Method 1 excludes the transition period before the mean is calculated, 
thus there is no underestimation for Method 1. Note that the mean is 
overestimated when the active effect goes back again, in this case from a high to 
low level.

Figure 2. The time series model underestimates the effect of factor A when 
process dynamics, such as transition periods, for example, are 
excluded from the model.
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However, Method 1 classifies inert effects as active more often than Method
2, especially for small effect sizes. Hence, Method 1 was found to be more 
accurate by excluding the transition period before the mean was calculated,
while Method 2 was found to be more robust by rendering slightly fewer 
spurious effects and finding more of the active effects when the experiment was
affected by dispersion effects. This result was unexpected, since Method 2 
assumes that the variation is constant for the entire time series in order to 
function properly. Furthermore, Method 1 is simpler to use than Method 2

As mentioned earlier, Method 1 can identify and estimate the location effect 
of dispersion(s) by analyzing the standard variation. However, since Method 2 is 
more robust compared to Method 1, it would be interesting to be able to identify 
active dispersion effects by Method 2. Perhaps this can be seen as a suggestion 
for further research.
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