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Abstract

Design of experiments (DOE) is very meaningful and applied in various investigations from science
to the industry in order to optimize the process itself. There are several such techniques and each of
them has its own advantages, so it is very important to know the basics of DOE. Besides that, every
problem, technology, product etc. is unique, so the knowledge about those is crucial as the first step.
The most relevant fact is the dependence among variables — input factors and output responses as well
as mutual connection between factors. In order to demonstrate the usability and adaptability of DOE

for various purposes, some examples are given in this paper.
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INTRODUCTION

Design of experiments (DOE) plays a
key role in science as well as industry, me-
dicine, engineering, etc. Without a well-
designed experimental plan, it is difficult to
draw the reliable conclusions and make
progress in research and development. It is
a methodology that enables scientists and
engineers to study the relationship between
the input and output variables. DOE is a
part of statistics which consists of planning,
conducting, analyzing and interpreting tests
in order to obtain relations and rules be-
tween the process factors and their respon-
ses. Besides that, the experiments are used

to test laws, theories, and hypotheses. Based
on the results of experiments, we can con-
firm or deny the certain claims. The planned
experiments help in process optimization
and mathematical modelling as well in or-
der to obtain the optimized values and pre-
dict some future trends.

The first principles of DOE were postu-
lated by Ronald Fisher in the early 1920s,
who first applied it in the field of agricul-
ture [1]. He studied how various factors
such as weather conditions, soil conditions,
and similar, affect yields in agriculture. Alt-
hough the DOE method was first used in an
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agricultural context, the method has been
applied successfully in the industry and all
aspects of science since then. In the first
time, the most common approach among all
researchers was OVAT (One Variable at a
Time) or OFAT (One Factor ata Time) [2].
This approach involves varying one factor
over time while keeping other factors con-
stant which requires resources and time and
depends on the experience of operator.
Those results are often unreliable, ineffi-
cient and may present a false process opti-
mization. More efficient is to observe more
factors at the same time in order to build the
new or improved products or processes.

The fundamental principles in DOE are:
factorial principle
randomization
replication

- blocking

The factorial principle shows how
mu-ltiple factors (independent variables)
influence a response (dependent variable).
Randomization refers to the order of

experiments, while replication is a rerun of
complete experiments including setup. Rep-
lication increases the precision of experi-
ment and also the signal-to-noise ratio when
the noise originates from uncontrollable
nuisance variables [3]. Blocking gives usan
opportunity to restrict the randomization to
one group of factors and later perform the
other experiment with other factors. It is a
method for increasing the precision remov-
ing the effect of known nuisance factors and
batch-to-batch variability. So, the experi-
ment is performed to samples of material
from one batch, then to samples from an-
other batch, and so on [3].

Over the years, the field of application
of DOE has expanded and includes many
areas [4 - 9]. Although foundations of DOE
were posted very early, the expansion of
application started from 2000. It could be
noticed that DOE has the biggest role in
medicine and engineering according to a
number of publications which are given in
Figure 1 [10].
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Figure 1 An overview of the application of DOE to different scientific areas [10]
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THEORETICAL BACKGROUND OF
DOE

Mathematics and statistics are found in
the very theoretical basis of DOE, more
precisely dispersion and regression ana-
lysis.

The basic task at the beginning is to de-
termine the importance of the input factors
(Xi) and dependence degree on the output
responses (Yi) as it is shown in Figure 2.

X1 —» — Vi

x: — PROCESS —— v:

Xn ——pr — Yn
input output
factors responses

Figure 2 The beginning of DOE: input & output variables

Different variants are possible: some input
values - factors will significantly affect the
output, while the influence of some factors
will be completely negligible. Also, certain
factors will have mutual dependence, so that
must also be considered. Multifactorial exper-
iment plans enable taking into account a large
number of factors during research, for which
there is no previous experience. After partial
experiments, it is possible to eliminate those
factors which are not significant from further

consideration. This kind of case is the most
complicated but is used when there are many
unknown factors and can be described
through a mathematical model:

K K
y=PBo+ Zﬁixi + Zﬁijxixj + o
i=1 i=1

In the case of a three-factor experiment,
the matrix of complete experiment (full
factorial design) will be as it is shown in
Table 1.

Table 1 Matrix of full factorial design (three-factor)

No X0 X1 X2 X3 X1X2 XIX3 | X2X3 | X1X2X3
1 1 1 1 1 1 1 1 1
2 1 -1 1 1 -1 1 1 -1
3 1 1 -1 1 1 -1 -1 -1
4 1 -1 -1 1 -1 -1 -1 1
5 1 1 1 -1 1 1 -1 -1
6 1 -1 1 -1 -1 -1 -1 1
7 1 1 -1 -1 1 -1 1 1
8 1 -1 -1 -1 -1 1 1 -1

More matrices could be made from this
matrix for fractional factorial design. Calcu-
lations can be very complex, but various

software is used for these purposes and is
constantly being updated, such as SPSS,
Statistica, JMP, etc.
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DOE EXAMPLES

Experimental design has been refined
over the years and progressed from applica-
tion the basic statistical models to the spe-
cialized software for these purposes. Some
of them are free, while the more demanding
ones are not available to everyone. Below
are some examples of created DOE using
different software.

The development of new products or es-
tablishment the existing technologies is al-
ways a challenge in terms of the required
funds. In order to avoid unnecessary costs
that would be incurred by performing a

&~ Bootstrap Forest for Time to 200nm
+ Specifications

large number of experiments, it is necessary
to reduce that number to a minimum. There-
fore, an example of LCD manufacturer,
which is trying to satisfy a customer de-
mand, was given using DOE to perform
only those experiments that are assumed to
be usable. The company needs pigment par-
ticles to be milled down to less than 200 nm
so that the milling time is as short as possi-
ble, up to 5 h [11]. Detailed data for this
DOE example, which was performed thanks
to the use of specialized software [11], are
given in Figure 11.

Target Column: Time to 200nm  Training rows: 17
Valdation rows: 0
Number of trees in the forest: 10000 Testrows: 0
Number of terms sampled per spiit: 4  Number of torms. 17
Bootstrap samples: 17
Minimum Splits Per Troo: 10
Minimum Size Spiit: 5
* Overall Statistics
tedividu
Troes ruse
In Bag 0.5784008
Out of Bag 0.9647083
PEquws nuse N
0.537 0.6532587 17
» Per-Tree Summaries
+ Column Contributions
Numser
Tarm of Soiits 50 Porticn
Temp(Pot) 1584 1.31476875 0.3235
Temp(Out) 1615 1.05921406 0.2606
*%Bonds 1044 050190813 0.1235
SePigment 730 029027034 0.0714
P(in) 738 027724826 0.0682
P(Ou) 432 0.16135855 0.0397
Temp(CW) 325 0.08985563 0.0221
Temp PreMix 274 0.06716889 0.0185
P1 301 0.08482903 0.0160
Pig Bx 213 0.05220287 0.0128
Pump rpm 220 0.04248%93 0.0105
P2 152 0.0274633 0.0068
P3 142 0.02611807 0.0064
Transfer Time 133 0.02533399 0.0062
Mill rpm 147 002394634 0.0059
Time PreMix 118 0.02121622 0.0052
P4 109 0.018694 0.0046

Figure 3 Data from the 17 production runs [11]

Within DOE, numerous calculations
and graphs were provided, and the final
results can be seen in Figure 4. As it can
be seen in a part of diagram, the three
confirmation runs showed milling times

below the 5 h which was the assign at the
first place [11]. In this way, DOE has
proven to be very efficient in terms of
minimizing the number of experiments
and saving money.
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Figure 4 Confirmation runs for DOE [11]

Another example, different from the pre-
vious one, without details and calculations is
given in Figure 5. The difference between
these two examples is in complexity and
availability. From this example, the three fac-

tors and their values can be seen with the high
(1) and low (-1) value for each factor, and as it
can be seen in Figure 5b and 5c, there is dif-
ference in results depending on which interac-
tion was chosen for calculation [12].

oPFEZr Boost | Maist | Cycle | AxB | AxC | BxC |AxBxC|Trial 1 |Trial 2 | Trial 3 | Trial 4 | Trial 5
1 & 45 6 11 1 1 1 -1 17.9 | 17.6
2 8 45 6 16 1 -1 -1 1 20.3 | 20.2
3 1 45 10 11 -1 1 -1 1 15 | 14.8
4 4 45 10 16 -1 -1 1 -1 13 | 17.3
5| 2 a0 6 11 -1 -1 1 1 17.5 | 17.7
6| s a0 6 16 -1 1 -1 -1 [ 215 [ 209
7l 3 a0 10 11 1 -1 -1 -1 [ 242 | 231 3
a7 a0 10 16 1 1 1 1 27.6 | 28.2 27.9
a)
30
25 1
25 87 ’__,_,_._---'"- 22775
20 4 200 18.275
04 19.4 17 6?5.'-'---‘
15 4 1627 T 15 4
i B, H | G
10 - 10 - ——cwl
-5‘ A 5 .
0 T ,
ALOD AHI 0 - -
BELD B HI
b) c)
Figure 5 A DOE example: a) Factors & values; b) AxB interaction; c) BxC interaction [12]
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CONCLUSION

Experiment planning is an important as-
pect of any research. In that way it is im-
portant to know what we want to predict,
which data are the input factors and which
the outputs, what kind of relations exist
between them. DOE is very powerful tool
which can do more in less time.

Multifactorial experiments have a large
number of factors for which sometimes
there is no previous experience. With DOE,
it is possible to minimize the number of
experiments and to do modelling and pre-
diction. So, DOE is useful not only for
known, but also for unknown relations and
factors. It helps to optimize the process and
product quality as well.

DOE identifies factors which are signif-
icant and those which are not. With varia-
tion of factors and their interactions, it finds
the best combination for requiring condi-
tions.
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