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Preface

For sure you have experience with such problems: the complex production process or the 
demanded coating properties are affected by several factors (grinding time, binder content, 
amount of additives, drying time, etc.). You would like to improve the system and do not 
know which are the most dominant factors. No wonder, as long as your formulation is assem-
bled by 10 components. The experimental setup get out of hand, results are unintelligible 
and the documentation is fragmentary at the end. In this situation you might got already 
the advice to try the statistical approach by design of experiment (abbreviated DoE). Nice, 
but what is that? Beside, statistics sounds like mathematics and at the moment you are too 
busy for such things?

Well, time and some distance from the daily business will be necessary, if you read this 
book. However, the aim is a short and generally understandable overview regarding the 
effects und benefits of DoE by examples in step with actual practice. The examples are based 
on real-world applications in coatings formulation. This adds the important strong applica-
tion flavour to this book, makes it useful as a reference tool and show that statistics doesn’t 
have to be that dry and difficult mathematics. In addition, requirements for the approach 
are illustrated, which are quite often general principles in experimental design and project 
management. It is not possible to describe the topic without any statistics or mathematics, 
but formulas and derivations are at the least possible amount in this book. So, the prerequi-
sites are relatively modest. In addition, there is no claim to be complete, because the topic 
and connected mathematic methods as well as tools for data analysis are too extensive. Due 
to this, the textbook familiarize first-time user and already practicing laboratory assistants, 
engineers and chemists with possible applications and high potential of the method. It is 
important to succeed the entrance and to get a feeling of success by try and error. It’s no 
problem, if not everything is clear in the first run. Experience about useful applications 
and limits will be generated in the course of time. After that, this technique will attend you 
for sure as valuable providing tool for a long time. The skills acquired in dealing with this 
method can also be employed in other applications, such as adhesives and sealants as well 
as all other engineering and scientific issues.

Chapter 1 introduces the method and shows especially the difference to the classical 
approach. With an example directly out of the “coating-formulation kitchen” it will be help-
fully shown, how the systematic method DoE can reduce the daily mania in the research 
laboratory. Derived from today’s criteria of success in R&D, also general principles of project 
management and design of experiments are illuminated.

Chapter 2 reflects the design methods and introduce into the important preliminary step 
of drawing up a strategy of experimentation. State of the art experimental designs are 
presented together with their properties. This should help for precise selections later on in 
practice. Planning as preliminary step is the basic for all further details and the potential 
savings are naturally enormous. Therefore, planning is of much higher importance as the 
subsequent data analysis. A lot helps a lot in this context!
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Paint runs through our veins.

Chapter 3 is devoted to the data analysis and interpretation. During this period the basic 
principle „nothing ventured, nothing gained“, can be applied. Only data from perfectly 
planned and designed experiments ends up in reasonable interpretations. On the other 
hand, the best set of data is useless, when no interpretation and good compression is per-
formed. Where is the limit? How valid and precise are the conclusions? These are some 
questions, which will be answered in Chapter 3.

Chapter 4 introduces the standard optimization processes and describes how to convert 
modelling results into concrete action. The determination of cause and effect correlations 
during the identification of the most dominant factors is only one part of the story. It is also 
of high importance to find those operating conditions, which lead to a maximum, minimum 
or a certain value (or range) of the target response. In addition, just optimizing a problem 
will end up very often in results, which are sensitive against small variations in the factor 
settings due to disturbances. To look on the issue in its entirety, also strategies for robust-
ness studies are described, leading to processes and products that perform better in the 
field due to variability reduction. In a manner of speaking: finding a needle in the haystack.

Chapter 5 describes some DoE software solutions on the market. It is not necessary to 
reinvent the wheel once more and to create all experimental designs by hand. Modern and 
good designed programs assist the practitioner in the number-crunching.

Short text elements including basic principles are included in all book chapters. They sum-
marize general and essential messages regarding design of experiments and performing 
experiments. These elements do not replace the rest of the book as a kind of summary, 
because basic principles are not covering methodical details. Basic principles only intensify 
relevant messages regarding the philosophy of the DoE-concept. Therefore, they are not 
used inflationary.

Research and development in coating industry is highly affected by experience. If some-
body is working long enough in this branch, a comprehensive treasure of raw material and 
formulation knowledge will be acquired. This experience is very important and is beside 
the application knowledge the working basis. However, research and development underlie 
today tough necessities, because innovative ideas, higher rates of success, shorter time to 
market as well as lower R&D-costs should be realized in parallel. Therefore, both, a deep 
understanding of the increasing international customer demands and economic mentality 
becomes more and more important in research laboratories. In addition, knowledge about 
the correlations – independent if the recipes, the production or the application process are in 
focus – is essential for creating innovative, stable, robust, cost-optimized and high-quality 
products very rapid today. Thus, methods which support purposefully and efficiently work-
ing are crucial to be successful.

Design of experiments is one possibility, to reply the challenges of today and to manage the 
important free space for creativity due to higher efficiency. This book can assist you in this 
challenging task and shows how coating formulators can benefit from DoE.

Innsbruck, Austria, Mai 2014

Albert Rössler
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•	 We use in 80 % of our time just 20 % of 
our clothes. 80 % of our clothes are used 
only in 20 % of our time. Think about your 
favourite sweater, etc.

•	 80 % of time inside our flats or apart-
ments we move only on 20 % of the total 
available flooring area. We go always at 
the same way into the kitchen, read the 
newspaper at the same place, etc.

Thus, an additional basic principle for 
design of experiments can be derived:

 X Basic principle: The aim in design of experiments is to complete 80 % of a certain task 
with 20 % of the total number of experiments.

1.5 Design of experiments – what’s that?

1.5.1 Design, factors and effects
The planning and conduction of statistical analysis (also termed “design of experiments” or, 
abbreviated, DoE) commence at the previously mentioned stages, and therefore gives access 
to a huge economic potential. But at this stage one question is obvious: what is design of 
experiments in detail? We consider once more the example of developing a filler concentrate. 
In contrast to Chapter 1.4.1 experiments are performed only at two concentration levels 
(meaning low and high amount of surfactant 
like 2 and 4 % or 20 and 40 % filler).

In case of the traditional one-factor-at-a-
time method the design will look like in 
Figure 1.16a. In case of DoE the set of exper-
iments will analyze all possible combina-
tions of both factors surfactant and filler 
according to a certain pattern. Usually the 
experiments are laid out in a symmetrical 
fashion. But how many experiments will be 
necessary? Four experiments, as shown in 
Table 1.3. Either both factors are at high or 

Table 1.3: Design matrix with possible combina-
tions in case of the experiments with two factors 
and two levels

Number of  General  Factor
experiments identifi cation A B

1 (1) - -

2 A + -

3 B - +

4 ab + +

Figure 1.15: Volume of new information vs. 
number of experiments

Figure 1.16: Geometric presentation of the experimental design for the filler concentrate:  
a) one-factor-at-a-time method, b) design of experiments with a two-factor factorial design
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low level (low-low, high-high), or 
one of the factors is high and the 
other low (low-high, high-low). 
So, there is an additional fourth 
experiment in contrast to the one-
factor-at-a-time method in which 
both factors are varied simulta-
neously. This design is called a 
factorial design. However, if we 
look more in detail, this additional 
experiment offers a lot of advan-
tages, which will be described in 
the following analysis.

If both factors are fixed at two 
levels and the response viscosity 
is measured, a design as shown 
in Figure 1.16b and Table 1.4 can 
be concluded and geometrically 
interpreted as a square. Hence 
the experimental region is said 
to be of regular geometry. It is in 
general strongly recommended to 
make graphical presentations of 
the design, because they are much 
more instructive as listing all 
experiments in tables. The impor-
tant point is that each data point 
has its own identification and cor-
responds to one experiment, which 
will be used in the analysis step.

Figure 1.17: Development of a filler concentrate: Presentation of the analysis with effects and main effects

Table 1.4: Factorial design for two factors at two levels

Number 
of experi-

ments

General  
identifi-
cation

Factor Response

Surfactant  
(A)

Filler (B)

1 (1) - - 2360 mPas

2 a + - 900 mPas

3 b - + 9500 mPas

4 ab + + 5470 mPas

Average value (= a0) 4558 mPas

Figure 1.18: Main effect diagram in case of the example filler 
concentrate
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The measured data of the response viscosity from Table 1.4 will be analyzed as shown in 
Figure 1.17. The first step is the calculation of the effects E for each factor at each level. 
They match directly with the difference of the response values.

Effect E from the surfactant (N) at a low level of the filler (F–):
Equation 1.2: E(N,F-) = a - (1) = 900 mPas - 2360 mPas = -1460 mPas

Effect of the surfactant at a high level of the filler:
Equation 1.3: E(N,F+) = ab - b = 5470 mPas - 9500 mPas = -4030 mPas

Effect of the filler at a low level of the surfactant:
Equation 1.4:  E(F,N-) = b - (1) = 9500 mPas - 2360 mPas = 7140 mPas

Effect of the filler at a high level of the surfactant:
Equation 1.5:  E(F,N+) = ab - a = 5470 mPas - 900 mPas = 4570 mPas

The main effect HE is the average increase of a response due to varying one factor from 
its low level to its high level. It can be calculated from the average difference in response 
values when moving from low to high level and keeping the other factors at a constant level:

   E(F,N-) + E(F,N+) (b - (1)) + (ab - a) 7140 + 4570
Equation 1.6:  HE(Filler) =    =    =    mPas
   2 2 2
  =  5855 mPas

  E(N,F-) + E(N,F+)    (a - 1) + (ab - b) 
Equation 1.7:  HE(Surfactant)  =      =           
  2 2 

  -1460 + (-4030)
  =      mPas = -2745 mPas
  2
On average, an increase of the surfactant concentration leads to a reduction of the viscosity 
and an increase of the filler content leads to greater thickening. From a perspective of coat-
ing formulation, this is comprehensible.

The effects can be illustrated in a so called main effect diagram (see Figure 1.18). Software 
packages use very often another way, which is shown in Figure 2.16. Real effects are given 
by the coefficients of the regression model. Details are described in Chapter 1.7 and 3.3.

In alternative to the analysis used until now, main effects can be calculated also from the 
average of the response at all data points at the higher and lower level and a subtraction of 
these two average values afterwards (see Equation 1.8). This way of calculation is especially 
helpful when dealing with more than two factors (see Chapter 2.2.2).

  E(N,F-) + E(N,F+)     (a - 1) + (ab - b)       ab - b + a - (1)
Equation 1.8:  HE(Surfactant)  =     =      =      
  2 2 2

  ab + a b + (1) 5470 + 900 9500 + 2360 
 =     -      =      -      =   -2745 mPas
  2 2 2 2

 X Basic principle: The main effect HE is the average increase of a response due to 
varying one factor from its low level to its high level. It can be calculated from the 
average difference in response values when moving from low to high level and keep-
ing the other factors at a constant level. The effects can be illustrated in a so called 
main effect diagram.
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In contrast to the one-factor-at-a-time design a much more general statement about the 
experimental area (and the system) is possible by DoE, because the factors are analyzed at 
all levels. The already described alternative factorial design of experimental approach is bal-
anced and objective, no combination has more importance than another. The one-factor-at-a-
time method prefers all experiments with a low concentration of the surfactant, because two 
data points are analyzed at this level (Figure 1.16a). In case of linear behaviour and a good 
reproducibility of the measurements, with this approach much more deep going statements 
can be achieved. However, the main effects calculated by the DoE approach offer a general 
explanatory power and therefore much more possibilities.

 X Basic principle: In contrary to the classical approach, design of experiments offers in the 
whole experimental area a general, objective and balanced explanatory power. DoE deals 
with main effects of each influencing parameter, which describe the average increase of 
a response due to variation of the influencing factor inside the experimental area.

In case of this introductive example just two factors has been used. In the following chapters 
also examples with much more factors are analyzed (starting from Chapter 2.2.2 and 2.3).

1.5.2 Interactions
Already Aristotle said, that “the whole is greater than its parts”. Looking on the effects, it 
is obvious, that the extension of each effect depends highly on the level of the factor. When 
this occurs, there is an interaction between the factors.

•	 Effect of the surfactant at a low level of the filler: - 1460 mPas
•	 Effect of the surfactant at a high level of the filler: - 4030 mPas

Especially in chemistry interactions have a significant importance in case of non-linear 
effects (see Chapter 1.4.2.2), but are very often ignored. Think about the synergy between 
UV-absorber and radical scavenger (e.g. HALS-additives). The whole is also in this case 
more than only the single effects.

From a perspective of coating formulation, also this effect is comprehensible. The surfactant 
will wet much more surface of the filler at a low level of the filler concentration. Thus, the 
effect on viscosity will be different from that one at a high level. However, interactions are 
not correlations, because the filler content is not changing due to the variation of the sur-
factant concentration. Only the influence of the surfactant on the response (e.g. viscosity) 
depends on the filler content, the adjustment of the second factor.

 X Basic principle: Essential statements regarding interactions can only be generated 
with the DoE approach due to additional data point at high filler and surfactant concen-
tration and the variation of both factors simultaneously. In addition, the one-factor-at-
a-time method or the intuitive method offers not such a deep inside into the system.

It is state of the art to calculate a classification number for the interaction WW. In 
contrast to the main effect it’s the difference from the single effects like shown in Equation 
1.9. The interaction WW(FN) is equal to WW(NF) (see Equation 1.9).

  E(N,F+) - E(N,F-) -4030 - (-1460) (ab - b) - (a - (1))
Equation 1.9:  WW(FN)   =     =    mPas  =     
  2 2 2

  (ab - a) - (b - (1)) E(N+,F) - E(N-,F)
 =        =       =   WW(NF)   =   -1285 mPas
  2 2
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Interactions are also plotted in so called interaction diagrams (see Figure 1.19, 2.19 or 
2.24). This diagram plots also the single effects, which assist during the data interpretation.

Interaction can occur in a different manner (see Figure 1.20). Normally both single effects 
have the same prefix as the main effect (ordinary interaction). In case of strong interac-
tions it is possible, that the single effects cross each other (disordinary interaction). In 
this case, the value of interaction is larger than that of the main effect. Thus, a clear inter-
pretation of the main effects is not possible and statements of the main effects are irrelevant. 

Figure 1.19: Interaction diagram for the example filler concentrate (viscosity values in mPas)

Figure 1.20: Types of interactions

(same slope) (different slope,
same prefix)

(slope with
different prefix)
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In such situations it is advisable to look on the effects in diagrams. During dealing with 
DoE, the interactions should always be smaller than the main effects. Otherwise the main 
effects cannot be interpreted and analyzed apart from the other effects. Normally interac-
tions – especially higher ones like ABC interactions (see Chapter 2.2.2) are small, because 
it is not very probable that the effect of a factor depends on the adjustment of three or more 
other factors. In case of strong interactions statements and interpretations about main 
effects must be modified, because they do not represent the reality. In these cases it is sug-
gested to increase the distance between the levels, to clarify if the factor has a significant 
effect or not.

 X Basis principle: Main effects must be larger than interactions. Otherwise they cannot 
be clearly allocated for interpretation. If this is not the case it is suggested to increase 
the investigation range and allow the effect of each factor to be captured. 

1.6 Where is the statistics?
From the beginning of this book we talk always about a statistical approach in design of 
experiments. But, where is statistics? Until now it was not present.

To achieve the desired accuracy in data interpretation it is necessary, that multiple rep-
lications of the measurements are performed. The presence of a certain variance in the 
data cannot be avoided. These errors are the slight variations that occur when successive 
measurements are made by the same person under as nearly identical conditions as pos-
sible. However, omnipresent not controllable undesirables (noise – fluctuations in materi-
als, surrounding conditions, the measurement, the execution of the experiments, etc.) will 
always influence the result. Considering the example with the filler concentrate it is obvi-
ous, that a certain fluctuation in the data of multiple formulated (replications) concentrates 
will always occur. 

 X Basis principle: Replicate measurements are normally associated with very small ran-
dom errors, the noise. It’s very unlikely, that replicates show identical average values, 
despite being obtained under identical conditions.

For the set of data in Table 1.5 following characteristic parameters can be calculated (see 
Appendix 2 and 4):

Arithmetic mean x̄ = 3425 mPas
Standard deviation s = 386 mPas
Confidence interval VB (95 %, f = 3) = 614 mPas

The average viscosity of the filler concentrate has to be declared by:
Viscosity = 3425 +/- 614 mPas (at a shear rate of 100 s-1, 20 °C)

This confidence interval is in the simplest 
case equal in the whole experimental area. 
Otherwise an average from all variances (= 
square of the standard deviation s, s2, see 
Appendix 2 and 4) of each combination of 
factors has to be calculated by the geometric 
mean (see Appendix 2).

What is the sense of a confidence interval 
VB in case of the average viscosity? This 

Table 1.5: Viscosity of the filler concentrate in 
case of a multiple formulation (N = 4) at the data 
point (1) with 2 % surfactant and 20 % filler

Viscosity in [mPas]

2900

3600

3800

3400
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interval defines a region in which 
the true value (see Appendix 3) 
of the viscosity can be found with 
a certain probability (in this case 
95 %) (see Figure 1.21). There is no 
absolute security for that, because 
the region has to be calculated (or 
better estimated) on the base of 
only 4 values. To gain 100 % secu-
rity in the ideal case an endless, 
at least a huge number of experi-
ments has to be collected. This is 
due to time and cost aspects not 
possible. Thus, a control sample 
of 4 runs has been analyzed. The 
calculation of the confidence interval gives the possibility to implicate what will happen if 
endless runs will be done. At least we can come up, that the calculated average value will be 
in case of 95 data points from totally 100 inside this interval. Only in case of 5 experiments 
the value will be outside the predicted area (see also Appendix 4 and 5, t-test).

 X Basis principle: The confidence interval defines a region in which the true value of 
the viscosity can be found with a certain probability (e.g. 95 %).

What are the consequences for data analysis in case of DoE? We have to consider these 
fluctuations! Every statement about effects on the viscosity has taken into account these 
fluctuations. In other words, not every difference between two values is an effect. The dif-
ference between two values is only significant (und therefore an effect can be stated), when 
the averages are separated by at least two times of the value of the confidence interval (see 
Figure 1.22). Otherwise the viscosity intervals of the two average values overlap and cannot 
be differentiated with 95 % probability. In other words, the probability that the difference 
between the two average values is only random is with 5 % very small.

In case of the filler concentrate a viscosity of 3000 mPas cannot be distinguished from a con-
centrate with 3100 mPas, because each value of viscosity has a fluctuation of +/- 614 mPas. 
The formulation and afterwards the viscosity measurement allow no more precise state-
ment. Two average values need a difference of at least 2 · 614 mPas to be sure with 95 %, 
that there is a difference. In this context very often the terminus confidence interval or 
the standard deviation of the main effects can be found in literature (see Appendix 
4). This uncertainty has to be taken into account already during the target formulation. 
Thus, the target viscosity 2000 mPas is fulfilled, when the value is inside the interval 3425  
+/- 614 mPas (at a shear rate of 100 s-1 at 20 °C).

This uncertainty is taken into account during the data analysis and is plotted also in the so 
called Pareto-diagram (see Figure 1.23). This is a column diagram with the absolute values 
(is the non-negative distance to zero) of each main effect and interaction. Mostly the values 
are classified and the prefixes are also shown in the diagram. The limit of the confidence 
interval is plotted as a line. In most cases the double value of the standard deviation (2s), 
which is close to the confidence value with 95 % probability) is plotted. Dealing with many 
variables the geometric mean of the standard deviation of all main effects and interactions 
is favoured. Beside this way of illustration several other possibilities, which are described 
in Chapter 3.2 can be found. Very often a relative scale is used with so called standardizes 
effects. The effect will be divided by the standard deviation (see Figure 2.17).

Figure 1.21: General plot of the confidence interval VB with a 
probability of 95 %
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Questions about the signifi-
cance of effects are independ-
ent of all experimental design 
methods. It is anyway crucial for 
an efficient progress in projects. 
The target of a project can only be 
fulfilled in an efficient way, if the 
target value can be detected by an 
objective and validated method 
(the accuracy of the method is 
known, see Appendix 1 and 4). 
Unavoidable fluctuations and 
disturbances have to be taken 
into account already during tar-
get definition. Thus, discussions 
whether an alternative coating 
system has a better resistance as 
the reference are based on valid 

facts. The difference to the reference material has to be only compared with the precision 
of the measurement method given by the confidence interval - see Appendix 4. In many 
cases the confidence interval is larger than the supposed effect or the difference. Already 
Aristotle said: It is the mark of an educated man to look for precision in each class of things 
just so far as the nature of the subject admits. In such situations, system knowledge and 
experience is important to give statements of high quality. Also very often used reference 
materials or standards cannot help to interpret the effects. All results, also from the refer-
ence material, have the same fluctuations. However, such experiments with standards are 
valuable to check the plausibility of an experimental series! In addition, be aware, that a 
statistical significant effect is no assurance that it is large enough to have any practical 
value. Significance is no matter of blind trust. These principles are also relevant regarding 
technical specifications of products. The variance of the measuring method should consume 
only a certain amount of the tolerance limit of the product specification. Please consider for 
details regarding measurement system analysis further literature [38, 39].

Figure 1.22: Uncertainty of statements in case of effects [18]

Figure 1.23: Pareto-diagram for the example for the filler 
concentrate. The dotted line represents the upper level of the 
confidence interval
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 X Basic principle: Not every difference between two values is an effect. Every measure-
ment is imperfect and scientists must judge frequently whether a numerical difference 
is a manifestation of the indeterminated errors inevitable in all measurements. All 
statements have to take into account the unavoidable fluctuations of experimental data 
(replications of the measurement, calculation of the mean and the confidence interval). 
The difference between two values is significant, when the averages separated by at 
least two times of the value of the confidence interval. However, not every statistically 
significant difference between two values is large enough to have any practical value. 
This has to be proofed in a second step.

 X Basic principle: Significance is in general relevant for any target formulation or the 
quality control of products. Experimental results seldom agree with just one value. 
Thus, tolerance limits of the product specifications has to be defined. In addition, the 
variance of the measuring method should consume only a certain amount, ideally only 
20 %, of the specified tolerance limit. Otherwise, there is no free space for other fluctua-
tions like from the production process, e.g. due to quality fluctuations in case of raw 
materials. In addition, a precision is faked which can never be fulfilled: A factory can 
never produce more precise than measure the specifications.

Figure 1.24: Comparison of the one-factor-at-a-time method 
(always at the left side) with the design of experiments 
approach (always at the right side). The values in the data 
points represent the number of necessary experiments 
(multiple experiments): a) two factors b) three factors

The approach to analyze data 
by confidence intervals is also 
valid for the one-factor-at-a-time 
method. However, the necessary 
replications of measurements 
have different influence depend-
ing on the experimental design. 
If it is necessary to assure a 
measurement by 4 replicated 
experiments, in case of the one-
factor-at-a-time method 3 · 4 = 12 
experimental runs has to be done 
(see Figure 1.24a). With every 
additional factor the number of 
runs is increasing by 4. In case of 
the DoE-approach only 8 runs are 
necessary, because the design 
is replicated twice and in each 
data point two measured values 
are available (see Figure 1.24a). 
Nevertheless at each level of each 
factor 4 experiments exist. Thus 
the average main effects are even 
with a lower number of experimen-
tal runs as precise as those from 
the single-factor experiment. If a 
ratio of the number of experimen-
tal runs of both methods is calcu-
lated, the DoE-approach is 12/8 = 
1.5 times more efficient than the 
one-factor-at-a-time method (see 
Figure 1.25). In case of three fac-
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tors the ratio is 16/8 = 2, because 
in case of the one-factor-at-a-time 
method 16 experimental runs 
are necessary and in case of DoE 
only one run per each data point 
(in sum 8 experiments) has to be 
done (see Figure 1.24b and 1.25). 
In this case at each level of each 
factor 4 pairs of values are avail-
able and the statistical validation 
is equal. This calculation can be 
done for any number of factors and 
is shown in Figure 1.25.

 XBasic principle: With regard to 
experiments, which always need 
to be carried out multiple times, 
the statistical DoE approach is 
much more efficient than the one-
factor-at-a-time method.

1.7 Models – pictures of reality
Each experiment provides some results. Once collected, these data are investigated using 
data analysis, because in most cases correlations between the data are assumed. This cause 
and effect correlations, relating the changes in the factors to the changes in the responses, 
enable a conscious control of the system and an extraction of in-depth information. To make 
a statement about this issue, we need a (mathematical) model, which represents the basic 
mechanisms [8]. It enables also afterwards a precise prediction about measured data or an 
optimization. Main effects and interactions are very often not enough meaningful.

Models are like pictures for us. They are not reality, but approximate representations of some 
important aspects of reality. A classic example is the landscape or an electric toy train. Think 
about atomistic models. In this case the word is already included in the definition. Models can 
be derived from well-established theoretical fundamental laws of science (like the Ohm’s law 
or the free fall), or have only an empirical background. In the second case, which is much more 
important in practice (because the system is too complex), correlations between input and out-
put (like viscosity as a function of filler and surfactant content) elucidate how factors influence 
the response of a system work. Design of experiments produces always an empirical model, 
which illustrates on a quantitative base the correlation between factors and the response. This 
is an essential advantage regarding the simple collection of data points. To know the influence 
of the pH-value of the binder on the effect of the thickener is much more valuable than only 
the knowledge about the certain value of the optimized pH condition. This compression can 

never give a clear explanation of 
the basic mechanisms behind the 
issue. The system is like a black 
box and a description of the cor-
relation between input and output 
takes place (see Figure 1.26). But 
how is it possible to determine the 
correlation of the system?

Figure 1.25: Relative efficiency of design of experiments vs. 
one-factor-at-a-time method [13]

Figure 1.26: Empirical general Black Box-Model of a process 
or system

Factors
(Input)

Response
(Output)

Modell
(Parameter)



Models – pictures of reality 37

If all data are available, a straight line or even a curve can be drawn through the cloud of 
data points by a lineal. This line characterizes the correlation between the factor and the 
response and is called „best fit straight line“. To work with this correlation much more 
efficient and to perform also predictions, usually it is tried to describe this line with a 
mathematical equation.

From the perspective of mathematics, the simplest model is the linear model with the so 
called equation of a line (see Figure 1.27 and Equation 1.10). In case of one factor, the 
equation is:

Equation 1.10:  y = a1 · x + a0

y … response
x … factor
a1 … slope of the line
a0 … axis intercept

In case of more factors, the model is extended to:

Equation 1.11: y = a0 + a1 · x1 + a2 · x2 + a3 · x3 + · · · + an · xn  

with
y  = response
x1 to xn = factors
a1 to an = slope of the line respective model parameters regarding each factor
a0  = intercept of the line

The determination of the model 
equation can be done by the so 
called regression analysis (see 
Chapter 3.3 and Appendix 7). 
This tool is offered by many soft-
ware packages including EXCEL. 

Main effects and interactions can 
be used to describe the effect of 
the factors on the response. Thus, 
it is obvious, that they can also be 
used to derive the linear model. 
But how can this be done?

The main effect is the average 
difference between the response 
at the high (+1) and the low (-1) 
level of the effect. The distance 
between the two levels is in this 
case 2. Thus, the slope is given by 
half of the main effect (see Fig-
ure 1.28). The intercept a0 can be 
calculated from the average of all 
data points. Therefore, design of 
experiments offers the possibil-
ity to calculate directly the model 
parameters (at least for a two fac-
torial design (see Chapter 3.3)).

Figure 1.28: Determination of the model parameter from the 
main effect

Figure 1.27: Schematics of the equation of line
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Linear models can only describe easy and not complex systems. There is no degree of free-
dom. 1 + 1 is in a linear model always 2. However, sometimes the whole is more than the 
sum of each part (interactions, non-linear behaviour, see Chapter 1.4.2.2). Regarding the 
mathematical description in experimental design three very often used types of models can 
be distinguished (described for two factors, see Figure 1.29).

Equation 1.12:  y = a0 + a1 · x1 + a2 · x2 (linear model)

Equation 1.13:  y = a0 + a1 · x1 + a2 · x2 + a3 · x1 · x2  (linear model with interaction)

Equation 1.14:  y = a0 + a1 · x1 + a2 · x2 + a3 · x1 · x2 + a4 · x1
2 + a5 · x2

2 (quadratic non-linear model)

In case of two-factorial designs these models can also be derived directly from the DoE-
approach.

 X Basic principle: Design of experiments offers in contrast to the classical approach (for 
both, one-factor-at-a-time or intuitive method) the calculation of an empirical model. 
The model describes the system with a mathematical approach. Real effects are esti-
mated by the model coefficients. This opens up the possibility to optimize the system 
and generate predictions about certain parameter settings by simulation. Thus the 
system knowledge is increasing (sucess factor system knowledge). However, models 
are not reality, but approximate representations of some important aspects of reality.

Looking once more on the example of the filler concentrate, the linear model including an 
interaction of Equation 1.15 can be derived from the main effects and the interaction (Table 
1.6). The intercept a0 is calculated from the average value of all data points, which are reg-
istered in Table 1.4.

Figure 1.29: Three different relevant models in experimental design: a) linear model based on Equation 
1.12, b) linear model with interaction based on Equation 1.13, c) non-linear model based on Equation 1.14
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Equation 1.15:  Viscosity (in mPas) = a0 + a1 · x1 + a2 · x2 + a3 · x1 · x2 

  mPas
 = 4558 mPas - 1373      · Surfactant (in %)
  %
  mPas  mPas
 + 2928      ·   Filler (in %) - 643      
  % %2

 · Surfactant (in %) · Filler (in %)

The model is shown in Figure 1.30, perfectly illustrating the principle of interaction (see 
Chapter 1.5.2). The slope on both edges is completely different. This means that an increase 
of the surfactant concentration at the lower level of the filler content has a significant other 
effect as at the higher concentration level of the filler. An extreme example is shown in 
Figure 1.29b. In both Figures 1.29 and 1.30 systems are illustrates three-dimensional as so 
called response surfaces to see the impact of inputs on the response. A two-dimensional 

Figure 1.30: Response surface based on a linear model for the example of the filler concentrate

Table 1.6: Calculation of the model equation directly from the main effects and the interactions for the 
example of a filler concentrate

Identification Identification in  
the model

Main effect and 
interaction

Model parameter  
(= Main effect/2)

Main effect (Surfactant) a1 -2745 mPas -1372.5 mPas

Main effect (Filler) a2 5855 mPas 2927.5 mPas

Interaction (Filler · Surfactant) a3 -1285 mPas -642.5 mPas
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plot or map (contour plot) is also used very often and illustrates the response by contour 
lines (see Figure 2.16).

One picture due to fitting a model is worth a thousand numbers. Beside the well-arranged 
overview, Figure 1.29 shows also the much deeper insight about the correlations and mecha-
nisms of the system in the whole experimental area. In addition, due to this step it is possible 
to clarify important further questions like

•	 the optimal recipe regarding viscosity (see Figure 1.32) and transparency,
•	 the range of operation conditions which can be expected as highly robust against viscos-

ity fluctuations – see Chapter 4.3.

In principle the chosen generated design of experiments and the chosen model are inti-
mately linked. It has to be taken into account that a two-factorial plan analyses only two 
data points (low and high level). Unfortunately through two data points only a linear model 
with a straight line can be drawn, because another model is not clearly definable. With three 
data points it is possible to create a non-linear model (see Figure 1.31). However, be careful 
with very simple models based on two or three data points (see Figure 1.31a and b). There 
is a high chance to run the risk of overseeing non-linear behaviour.

Models have always only a local explanatory power. Inside the analyzed area interpretations 
are possible. An extrapolation, meaning a prediction of values outside the analyzed area is 
forbidden (see Figure 1.31c and 3.6). 

Every model has to be analyzed on its plausibility. Later on systematic methods will be 
shown about this topic (see Chapter 3). Especially additional data points show the explana-
tory power of the model quite good. Some basic principles of modelling are summarized in 
Chapter 3.3.3.

All previous statements did not take the fluctuation of the data into account. It was assumed 
that the model represents reality. However, in practice there is a certain fluctuation due to 
disturbances, errors, etc. on the response. Ultimately, also the model parameters have an 
uncertainty. Repeating the experimental design for the same conditions, each time ones 

Figure 1.31: a) It is always possible to draw a straight line through two data points. Unfortunately it is 
not clear if there is in practice another function (dotted line); b) The Minimum of a response may be 
shifted to the wrong place, when analyzing a quadratic model only with three data points (dotted line), 
because the quadratic function is always symmetric to the optimum. Also in case of saturation curves 
very often a non-realistic maximum is indicated; c) Extrapolation of a model is forbidden. Without any 
further data points it cannot be clarified, which model is relevant beside the actual limits of the 
experimental area.
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obtains slightly different model parameters. Also in this case an average value and a con-
fidence interval of the model parameters can be calculated which contain the noise (see 
Chapter 3.3). 

In case of the filler concentrate additional data points show, that even although the interac-
tion is taken into account a substantial deviation from the linear model takes place. Finally 
the system is described by a quadratic model (see Figure 1.32). In addition in Figure 1.32 the 
area is marked, in which the target value of the viscosity is fulfilled. Experimental design 
for quadratic models will be described in Chapter 2.4 of the book.

Additional data points open up also the possibility to integrate additional parameters, like 
dispersing time or other parameters (e.g. sequence of the additive addition or the tempera-
ture). By this approach the last open questions about the influence of these parameters can 
be answered. DoE offers an easy and systematic approach for that, because the designs can 
always be expanded (see Chapter 2).

Thus, in contrast to the one-factor-at-a-time method design of experiments offers the cal-
culation of a model. Therefore, the correlation between input factors and the response can 
be derived. Models

•	 compress date perfectly,
•	 opens up the possibility to make predictions about or simulations of certain situations 

without a big effort,
•	 show, which adjustment of the parameters ends up in an optimized operation point and
•	 show compromise solution in case of conflicting targets.

Figure 1.32: Quadratic model in case of the example of the filler concentrate including all 10 data 
points (dots) and an illustration of the optimal region regarding viscosity (crosses)
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Thus, design of experiments opens great opportunities to optimize systems. A typical 
example for such an approach would be the reduction of raw material cost in parallel to 
keep the performance at the same level or even an increase in performance. In analogy to 
additional factors also additional target values (e.g. transparency) can be included. Thus, in 
the already identified area with filler concentrates which have an optimized viscosity, the 
recipe with the highest transparency can be identified. This approach can also be used for 
further measurements like storage stability of the viscosity and is called multiple response 
optimizations (see Chapter 4.2).

 X Basic principle: Regarding modelling some basic principles has to be taken into 
account. The generated design of experiments and the chosen model are intimately 
linked. Not every design can be used for every model. Be careful with very simple 
models based on two or three data points. There is a high chance to run the risk of 
overseeing non-linear behaviour. However, plausibility has to be checked always and 
the experimental design has to be adapted to the model.

1.8 Overview, possibilities, benefits and limits
Statistical experimental design analyzes systematically the effect of some factors on a 
response. The methodology joins already in the preliminary planning and is also present 
during data analysis. The experimental effort is adjusted to the request (maximal informa-
tion with a minimal effort) and an optimized ratio between the amount of relevant informa-
tion and the number of experiments is realized. As a consequence time to market is reduced 
and also the R&D costs. With the global aim to improve the system knowledge, with the 
aim to make an optimization or even a preventive analysis of influencing factors and distur-
bances to avoid errors and design robust products and processes, DoE may increase at the 
project start the number of experiments in contrast to the classical approach. Especially in 
case of unknown systems in both approaches an intuitive experimentation is necessary to 
get some experience, to know the limits, etc. Without this knowledge it would be impossible 
to structure and define the questions for a selective application of the DoE-tool. On the other 
hand during data analysis information is compressed into a model. This describes how to 
affect the response by each factor. Thus precise and quantitative predictions about correla-
tions in the system are possible and optimizing steps can be initiated. Finally this ensures 
the sustainable success with robust products and processes that can be widely used. Prob-
lems can be solved very fast and there is a perfect base for further developments (e.g. with 
a platform strategy). Already the huge and for all people available and documented system 
knowledge based on facts is of inestimable value. Thus, very often a considerable effort has 
to be overcome. However, in the long term this gives the best return.

Design of experiments can also be understood as philosophy, which is as package highly 
cross-linked with supplemental up- and downstream tools like project management, qual-
ity management, benchmarking, Quality Function Development (QFD), Failure Mode and 
Effects Analysis (FMEA), platform strategy, etc. Thus, design of experiments is an integral 
element of quality planning and quality management in R&D, construction and process 
planning. Finally, this element perfectly suits to the principles of lean-development [37, 38]. 
This mindset has the potential to revolutionize product and process design in many kinds. 
Due to planning the odds of success are increasing. Planning reduced the reaction time in 
case of external occurrences and there is a learning effect for the next time. However, plan-
ning can never predict the future, but its improving the ability to estimate certain aspects 
and to react in case of changes much faster and flexible.
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