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Abstract: The purpose of this paper is to present a methodology and a supporting toolbox 
that identify information-based maintenance support services using an evaluation of the 
services’ impacts on the effectiveness of complex technical systems. A hypothetical 
aircraft and its support system are simulated in SIMLOX. The variables included in the 
model, as well as their expected effects on critical measures of system-effectiveness, were 
identified through interviews and studies of documents and the literature. The simulations 
have been planned and analysed according to established Design of Experiment (DoE) 
principles supported by MATLAB. Microsoft Access and Microsoft Visual Studio .NET 
has been used to integrate SIMLOX and MATLAB. The outcome of the study was 
scrutinised by both practitioners and statisticians. The methodology and its toolbox are 
useful for those involved in simulation work or the development of information services 
that support maintenance activities. The proposed systematic methodology, along with its 
supporting toolbox, identifies information-based services that are currently lacking when 
applying a Service-Oriented Architecture (SOA) approach during design and are 
considered valuable in identifying information-based maintenance support services within 
an eMaintenance solution. 

Keywords: Maintenance support, information services, eMaintenance, complex technical 

systems, simulation, design of experiment (DoE), service-oriented architecture (SOA). 

1 Introduction 

Maintenance may be seen as a process that monitors a technical system’s ability to deliver 
services, and records problems for analysis, takes corrective, adaptive, perfective, and 
preventive actions, and confirms restored capability [1, 2, 3, 4]. To be efficient and 
effective, the maintenance process should be horizontally aligned with the operation and 
modification processes, and it should be vertically aligned with the requirements of 
external stakeholders [3, 5]. Simultaneously, actors within the maintenance process 
require support to perform their activities as intended. This maintenance support consists 
of resources such as documentation, personnel, support equipment, materials, spare parts, 
facilities, information, and information systems [4]. Hence, one critical characteristic of 
successful maintenance support is the ability to provide the right information to the right 
information consumer and producer with the right quality at the right time [6, 7, 8]. This 
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desirable situation can be achieved through appropriate information logistics. These 
logistics aim to provide just-in-time information to targeted users and to optimize the 
information supply process, i.e., make the correct information available at the right 
time and at the correct location [9, 10]. Due to this challenge and increasing 
information needs, the development of Information and Communication Technology 
(ICT) in the early 2000s contributed to the emergence of eMaintenance, which today 
is a common term in the maintenance-related literature [11, 12]. 

Although there are multiple views on what eMaintenance actually is, one common 
and vital part is the application of ICT to achieve effective information logistics 
within the maintenance area [7, 11, 13, 14]. Hence, establishing a dynamic and 
effective eMaintenance solution requires appropriate software architecture. Many 
efforts related to software architecture within eMaintenance are complementary and 
contribute to achieving service-oriented information logistics within the maintenance 
area [15, 16, 17, 18]. However, there have been only limited efforts related to 
identifying the necessary information services that support maintenance activities 
using a Service-Oriented Architecture (SAO) approach.  

The purpose of this paper is to describe a methodology and a supporting toolbox 
that identify information-based maintenance support services using an evaluation of 
the services’ impacts on the effectiveness of complex technical systems. 

The structure of the remaining part of this paper is as follows. First, the proposed 
methodology and its supporting toolbox are described. After that, the developed 
simulation model is outlined. The DoE principles that have been applied within the 
methodology are then described. Thereafter, a presentation of the analysis and results 
are provided. The paper ends with some conclusions and a discussion. 

2 Developed methodology and toolbox 

The developed toolbox provides support to each of the five phases included in the 
proposed methodology (Figure 1). The toolbox includes a number of software tools 
that have two different purposes, i.e., simulation and analysis or integration. The two 
software tools SIMLOX and MATLAB are used for simulation and analysis purposes, 
respectively, while Microsoft Visual Studio .NET (MsVS) and Microsoft Access 
(MsAC) are mainly used to integrate the two other tools. See [19] for more detailed 
information about the developed toolbox and simulation model, as well as applied 
data and obtained results. 

The main purpose of Phase I is to establish the maintenance concept, i.e., a 
description of the interrelationship between the indenture levels and the maintenance 
echelons [20]. Hence, two major artefacts need to be described during this phase: first, 
a description of the technical system’s indenture levels, i.e., the subdivision of an item 
from the point of view of a maintenance action [20]; and second, a description of the 
maintenance echelons, i.e., the positions in an organization where specified 
maintenance actions are carried out [20]. Furthermore, detailed data on the system’s 
inherent items need to be provided, e.g., reliability measures such as failure rate, Mean 
Time To Failure (MTTF), and Mean Time Between Failures (MTBF). These 
descriptions and related data constitute the input to SIMLOX, which is the software 
tool used to simulate logistics and operations. In this phase, the input of data to 
SIMLOX is conducted manually.  

The purpose of Phase II is to provide a design matrix that is based on DoE 
principles. One of the first steps in the experimental design is to select the control 
variables, response variables, nuisance factors, and constant factors [21, 22]. These 
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factors and variables need to be documented in a proper format. In this work, MS 
Excel was used for this purpose. 

 
The next step is to generate a list that contains the control variables with their 

values from SIMLOX. This step is performed with a developed component that uses 
the variable-list as input and retrieves its value from the SIMLOX database. The 
component is also capable of applying the different levels (e.g., low and high levels 
for a two-level factorial design) of each control variable. The generated list is stored in 
an MsAC database. However, this list needs to be restructured and reformatted before 
it can be used in MATLAB, the software tool used for both design and analysis of the 
experiments. This restructuring is performed by an integrating component that has 
been developed in MsVS. The next step is conducted in MATLAB through developed 
components that restructure the list of control variables into a design matrix, D, that 
consists of a set of runs. 

The purpose of Phase III is to execute simulations according to the design matrix, 
which is exported from Phase II, restructured into a proper format, and imported into 
the SIMLOX database. Before each run, the value of all control variables is set to the 
value of the initial model defined in Phase I. Thereafter, the value of each control 
variable is set to the desired level for the current run, according to the design matrix, 
D. Finally, after each run, corresponding values of the response variables are stored in 
the SIMLOX database as a response matrix, Y. 

The purpose of Phase IV is to compile and correlate the output values of the 
response variables recorded in the response matrix, Y, with corresponding runs in the 
design matrix, D. This is performed through an integrating component developed in 
MsVS that retrieves the results from the SIMLOX response matrix and joins them 
with the design matrix into a combined matrix, [D Y]. 

Figure 1: Illustration of the steps of the proposed methodology and its supporting toolbox 
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The purpose of Phase V is to analyse the simulations based on the combined 
matrix developed in the previous phase. This analysis is conducted using components 
for matrix algebra developed in MATLAB. The model matrix, X, is achieved by 
including an initial column of 1’s in the design matrix, i.e., X = [1 D]. Hence, the 
regression model becomes Y = XA + e, for n runs and k-1 control variables, where A 
is a matrix with the estimated regression coefficients and e is a matrix with the sample 

residuals. Hence, the matrix for the predicted responses becomes: Ŷ  = XA. The 
Ordinary Least Squares (OLS) coefficients of A are obtained by solving A = (X´X)-

1
X´Y. Using a combination of the last two expressions, it is possible to estimate the 

response values according to the following: Ŷ  = X(X´X)-1X´Y. Then, the estimated 
regression coefficients and response variables act as inputs to the continued analysis, 
e.g., by the use of normal probability plots, as described later in this paper. See [23] 
for a further discussion about regressions in matrix form. 

3 Developed simulation model 

The development of a simulation model is included in the first phase of the proposed 
methodology. However, it should be noted that much of this planning is highly 
influenced by the second phase of the methodology, which means that Phase I and 
Phase II must be performed iteratively. 

In SIMLOX, the effectiveness results are collected from the actual event 
sequences generated in the simulation. A basic assumption in the model is that system 
maintenance is largely performed by replacement of faulty parts, both repairable and 
those discarded at failure. The model represents in detail the support organisation that 
supplies working spare parts to the systems and handles the transport and repair of 
faulty repairable units. The support organisation can be viewed as a set of different 
stocks and repair facilities (maintenance echelon) that are linked to each other by 
transport facilities. At each such support node, the resources needed for repairs and for 
other kinds of maintenance are deployed. [24] 

In the present study, four different types of variables and factors were considered, 
i.e., control variables, held-constant factors, nuisance factors, and response variables. 
Control variables are measurable, controllable, and thought to be (very) influential. 
Held-constant factors are controlled. Nuisance factors are uncontrolled factors (which 
either cannot be controlled or are allowed to vary). In this study, possible control 
variables, held constant factors, and nuisance factors were chosen from the input 
parameters available in SIMLOX. See [21] for a further discussion about these 
variables, factors, and their implications for the design of experiments. 

The response variables in this study are based on the output parameters available 
in SIMLOX. These output parameters are mainly different kinds of Measures of 
Effectiveness (MoE) related to the operation of the technical system, and they are 
divided into a number of groups. In all, 56 response variables were included in the 
simulations; see [24] for a complete list of the response variables available in 
SIMLOX. 

In this study, two different levels are considered for the control variables: one 
level with a low degree of ICT implementation and the other with a high degree of 
ICT implementation. The control variables can be classified into two groups: 
maintainability performance and maintenance support performance. On a more 
detailed level, SIMLOX input parameters that are considered to be affected by the 
degree of ICT application are used as control variables in the study. The number of 
control variables depends on the complexity of the simulation model, e.g., the 
complexity of the technical system and its support environment. However, considering 
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the available input parameters in SIMLOX, 54 were classified as potential control 
variables.  

It should be noted that both the control and response variables available in 
SIMLOX can be connected to multiple indenture levels of the technical system, 
multiple maintenance echelons of the support system, or both. Hence, the actual 
number of control and response variables included in the experimental design highly 
depends on the particular problem and the required complexity of the simulation 
model. 

Since an eMaintenance solution is not considered to affect the reliability 
performance of a technical system to any large degree, parameters related to the 
reliability performance are treated as held-constant factors. However, it should be 
noted that ICT that is added to the technical system will affect its reliability 
performance. Examples of such ICT are additional Built-in-Test Equipment (BITE) 
and equipment that transfers data and information both within the technical system 
and to receivers in the support system. There are also variables in SIMLOX that 
cannot be independently varied since they co-vary. These variables were not included 
as control variables and were classified as held constant factors. 

Since the study is performed in a controlled simulation environment, no nuisance 
factors were considered. Hence, there was no need to apply any DoE approaches 
intended to address the impact from nuisance factors (e.g., randomization and 
blocking). Furthermore, the simulation context also means that there are no major 
practical restrictions to consider. However, the software tools chosen for simulation 
(SIMLOX), experimental design and analysis (MATLAB), and integration (MsAC 
and MsVS) put some restrictions on both the types and number of factors and 
variables that can be included in the experiment. There are also some other practical 
considerations related to time and available computer resources, and these are 
discussed at the end of this paper. 

Based on the purpose of the study and the discussion presented above, a model of 
an aircraft and its support system, with 52 control variables (including multiple 
indenture levels of the aircraft), was constructed in the first phase of the proposed 
methodology; see Figure 2 for an illustration of this model. 

4 Applied Design of Experiment (DoE) Principles 

 

Figure 2: Illustration of the modelled technical system (left side) and its support system (right side) 
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This section corresponds to Phases II and V of the proposed methodology (see 
Figure 1). In order to efficiently and systematically explore the large number of 
variables included in the model of a complex technical system and its support 
environment, DoE principles are judged to be an attractive approach. For example, 
[25] used DoE principles for robust multi-facilities tactical planning, which is similar 
to the support environment. However, they did not consider any technical system, 
focussed on the cost-robustness on demand variability, and considered a fairly small 
number of variables. There have also been some efforts related to DoE in simulation-
based acquisition, which is concerned with similar problems and solution domains as 
those in this study (e.g., [26]). Another effort is the focus on appropriate 
methodological support for computer-aided planning and design of manufacturing 
simulation experiments [27]. This covers another application area, but it has a similar 
methodological approach as the one proposed in this paper. However, no publication 
focuses on the application of DoE principles to identify information valuable for 
maintenance support. 

The planning of the experiment followed the seven step methodology described 
by [21]. The first three steps of their methodology dealt with the planning that 
precedes the design of the experiment, made in accordance with the guidelines given 
by [21]. This work is included in the second phase of the methodology proposed here. 

Since the number of control variables in a simulation tends to be quite large, the 
sequential use of fractional factorial design was considered to be a very useful 
approach. The reason is that this approach often leads to great economy and efficiency 
in experimentation [22]. For example, it is possible to construct resolution III designs 
for investigating up to k = N – 1 variables in only N runs, where N is a multiple of 4. 
This fractional factorial design is said to be saturated. Hence, with a saturated 
fractional factorial design, it is possible to study seven variables in only eight runs. If 
there is a second fraction in which the signs for all the variables are reversed, a full 
fold over (or reflection) is achieved. This full fold over breaks the alias links between 
the main effects and the two-factor interactions. Hence, this combined design can be 
used to estimate the main effects apart from any two-factor interaction (i.e., resolution 
IV) in only 16 runs. See [22, 28] for further discussions about fold over designs. A 
summary of some useful fractional factorial designs with resolution III from the 2k-p 
system, related combined designs with resolution IV, and a corresponding number of 
runs are given in Table 1. 

If a combined design that uses full fold over is applied in the simulation, it is 
possible to estimate 63 variables in only 128 runs (see Table 1). In contrast, if an 
ordinary 2k factorial design had been applied, 263 ≈ 9.22*1018 runs would have been 
necessary. Hence, by selecting a full fold over, the combined design is based on an 
ordinary 26 design (64 runs), which is expended with a reflection of itself (where the 
signs of all included control variables are reversed) and results in a total of 128 runs. 

 
Table 1: Useful fractional factorial designs from the 2k-p system. The numbers in the cells 

are the number of runs in the experiment 
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This selection seemed to be an appropriate balance for the present study, since the 
two closest alternatives with a combined design, as described above, would enable an 
estimation of 31 or 127 control variables, respectively (see Table 1). The alternative 
with 31 variables was judged to be too limited to fulfil the purpose of the study. On 
the other hand, the alternative with 127 variables, which would require 256 runs, was 
one possible alternative. However, the work efforts required to manage this large 
number of control variables was not considered since this study was intended as a 
screening design. It should be noted that there are several approaches, in addition to 
the one discussed above, to select alternative fold over plans for two-level fractional 
factorial designs (e.g., [29, 30]). 

Considering the restrictions discussed above and the control variables that were 
judged to be worthy of investigating, a model of the technical system and its support 
system, which included 52 control variables, was constructed in Phase I of the 
proposed methodology. Hence, a full two-level factorial design (e.g., [31]) turned out 
to be unrealistic since it would require 252 ≈ 4.5*1015 runs. However, since the study 
was of an explorative nature, it was considered appropriate to use a two step approach. 
The first step was a combined design based on a full fold over with 63 control 
variables, as discussed above. This combined design gives information about which 
first order effects are significant and ensures that there is no aliasing between first 
order effects and second order interactions. The purpose of this first step was to screen 
and identify significant control variables. As a second step, an ordinary two-level full 
factorial design based on the significant control variables identified in the first step 
was applied. This means that the second stage can estimate first order effects, first 
order interactions, and second order effects (e.g., [22, 28]). 

For analysis purposes (Phase V of the proposed methodology), there are multiple 
alternatives available to identify the control variables that have a significant effect on 
the different response variables (e.g., [22, 28, 31]). However, the developed 
simulation model does not include any distributions for the different included 
variables. Hence, using replications would not give any error that could be used to 
estimate significant effects. However, it should be noted that the simulation tool 
SIMLOX enables the inclusion of distributions for some variables, which is a valuable 
topic for further research. One approach to analyse an unreplicated factorial is to 
assume that certain high-order interactions are negligible and combine their mean 
squares to estimate the error. This is an appeal to the sparsity of effects principle [22], 
which states that most systems are dominated by some of the main effects and low-
order interactions, so most high-order interactions are negligible. However, in some 
cases, high-order interactions do occur, and the use of a mean square obtained by 
pooling high-order interactions becomes inappropriate [22]. Another example of when 
it is impossible to pool high-order interactions is when a combined design is used, as 
in this study. The reason is that every effect is represented by a control variable. On 
the other hand, since the developed model includes only 52 control variables, there are 
63 - 52 = 11 effects that can be used to estimate the error. However, this is considered 
to be too few effects. Hence, it may instead be possible to examine a normal 
probability plot of the estimated effects. The effects that are negligible are normally 
distributed, with a mean of zero and a variance σ 2, meaning that they will tend to fall 
along a straight line on the normal probability plot. However, significant effects will 
have nonzero means and will not lie along a straight line. The preliminary model will 
thus contain the effects that are apparently nonzero (by examination of the normal 
probability plot), whereas the apparently negligible effects are combined as an 
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estimate of the error. See [22] for further discussion on the use of normal probability 
plots in the analysis of designed experiments. 

5 Analysis and Results 

Phases IV and V of the proposed methodology are related to the compilation and 
analysis of results, respectively. The analysis of the results from the first screening 
experimental design showed that five response variables could be predicted with a 
satisfactory degree of error, i.e., a Residual Sum of Squares (RSS) that was less than 
15. These five response variables were risk of shortage (ROS), risk of shortage with 
time tolerance (ROST), probability of no backorders (PNB), number of systems in 
active repair (NSYRP), and number of systems in active preventive maintenance 
(NSYPM). 

These response variables can be divided into two groups, one related to stock 
performance (ROS, ROST and PNB) and the other related to the maintenance of 
specific aircraft systems (NSYPM and NSYRP). Hence, ROS, ROST, and PNB are 
related to each other, as are NSYRP and NSYMP (SYSTECON, 2005). For example, 
both NSYRP and NSYMP are important parts of the number of unavailable systems 
(NSYUA). The other part of NSYUA is systems that are waiting for maintenance. The 
major difference between NSYRP and NSYPM is whether the active maintenance 
action is corrective or preventive. Hence, both responses include the systems that are 
in active corrective or preventive maintenance, respectively. Maintenance actions that 
are passively waiting for replacement items or resources are not included in NSYUA. 
Maintenance actions carried out at remote locations further back in the support 
organization are included, but systems in transport are not. Maintenance of non-
critical failures is included once they have become active. NSYUA includes all 
systems at the unit that are in maintenance (active or waiting) and are therefore not 
available for new missions. Systems having only non-critical failures or damages are 
still available for new missions as long as active maintenance has not started. 
Therefore, these systems are not included in NSYUA. See [24] for a more detailed 
description of these response variables.  

If one assumes that the five response variables described above can be predicted 
using multiple regression analysis, the effects that deviate from a straight line in their 
respective normal probability plots may be considered as significant. The normal 
probability plots for ROS/ROST, PNB, NSYRP, and NSYPM are given in Figure 3. 
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Figure 3: Normal probability plots for the coefficients of five responses 

 
An examination of the normal probability plot for the response number of systems 

in active repair (NSYRP) reveals that 12 effects deviate from a straight line and can be 
judged as significant; see the lower left plot in Figure 3. Furthermore, based on the 
sparsity principle, it may be reasonable to preliminarily assume that these effects are 
caused by the control variables and not by any of their interactions. For example, the 
two highest effects (51 and 43) are related to No Fault Found (NFF) events in two 
aircraft systems, i.e., a hydraulic pump and the Auxiliary Power Unit (APU), 
respectively. These effects are positive, which means that a change from a low to a 
high level of NFF events will increase NSYRP. This change corresponds to an inverse 
change in the degree of ICT-application. Hence, this preliminary analysis indicates 
that the provision of information services that support the corrective maintenance 
actions at the two maintenance echelons will lead to the greatest improvements of 
NSYRP. 

An examination of the normal probability plot for the number of systems in active 
preventive maintenance (NSYPM) response indicates that 12 effects may be 
significant; see lower right plot of Figure 3. Furthermore, it may initially be 
reasonable to assume that the two highest effects (41 and 40) are caused by 
corresponding control variables and not aliasing interactions. However, a closer 
examination shows that the largest effect (41) probably is not caused by the control 
variable turnaround time needed for corrective maintenance (in this case, item 
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replacement) at the ARN maintenance echelon. The reason for this is that NSYMP is 
related to preventive and not corrective maintenance. Hence, in this case it is more 
probable that effect 41 represents some third or higher order interaction. However, the 
next largest effect (40) is probably caused by the turnaround time needed to carry out 
preventive inspections of the engine at the CPN maintenance echelon. Both these 
effects are positive, which means that a change from a low to a high level will 
increase the number of systems in active preventive maintenance (NSYPM). This 
change corresponds to the inverse change in the degree of ICT-application. Hence, it 
is reasonable to assume that the provision of information services that support these 
two maintenance actions at the corresponding maintenance echelons will contribute 
most to an improved NSYMP. 

In the normal probability plots, it is also seen that effect number 2 is significant 
for all responses (Figure 3). For the system-related responses NSYRP and NSYMP, 
the effect is negative. In a similar manner as that described above, it is reasonable to 
tentatively assume that this effect is caused by the corresponding main factor, i.e., the 
lead time needed to reorder the flap actuator. This is a discardable item that is never 
repaired or sent for preventive maintenance. The stocks of discardable items are 
instead replenished by a reorder task. The lead time is the time from the order of a 
new item until the corresponding delivery arrives. Hence, a negative effect means that 
an increased lead time will decrease the number of items in active corrective and 
preventive maintenance. Considering the stock-related responses, the effect is positive 
for ROS/ROST, while it is negative for PNB. This means that an increased lead time 
will increase the risk of shortage (ROS/ROST) and reduce the probability of no 
backorders (PNB). Hence, if PNB is a critical measure of effectiveness, an 
information service that can reduce the lead time and thereby increase PNB would be 
beneficial to implement. The reason is that the lead time has the greatest effect on 
PNB. The effect of decreased lead time would also benefit other response variables, 
though not as much as PNB. 

However, one result of this preliminary analysis is that there are too many 
significant control variables (28) to do a full two-level factorial design to 
simultaneously investigate the five response variables. The numbers of control 
variables can probably be reduced by a more careful examination of the normal 
probability plots for each response variable. Another possibility would be to reduce 
the number of response variables that are to be investigated further. The criteria for 
excluding a response variable could be that it is not of any major interest, or that it is 
quite obvious. The goal would be to have less than 20 control variables, since this 
would allow for a full two-level factorial design. A third alternative would be to split 
the second stage into multiple experimental designs, e.g., one design focusing on 
stock-related responses and another design focusing on system-related responses.  

Hence, as a second step, two different designs were created. The first design 
included the three stock-related response variables (ROS, ROST, and PNB) and nine 
control variables, i.e., 29 = 512 runs. However, it should be noted that ROS and ROST 
could be used interchangeably, since these two are affected by the same control 
variables to the same degree (Figure 3). The reason for this is that no time 
distributions were included in the simulation model, which means that ROS and 
ROST become the same. The other design included the two system-related response 
variables (NSYRP and NSYPM) and 15 control variables, i.e., 215 = 32,768 runs. 

Due to technical obstacles, the experimental design for NSYRP and NSYMP was 
not possible to execute. Hence, for these two responses it was necessary to rely on the 
information that could be extracted from the first screening design in order to pinpoint 
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information services that could support maintenance activities, which has been briefly 
described in relation to Figure 3. Further work could look into possibly reducing the 
number of included control variables. However, it would be more interesting and 
useful to identify why the developed toolbox encountered problems with a full two-
level factorial design with only 15 control variables and solve this limitation. 

The normal probability plots for ROS/ROST and PNB, based on the results from 
the second design, are given in the upper half of Figure 4. By examining these plots in 
the same way as discussed in relation to Figure 3, it is possible to identify significant 
effects and related ICT-based information services that provide valuable support to 
maintenance activities. The plots of the predicted responses versus the true responses 
result in relatively straight lines (see lower half of Figure 4). This indicates that the 
response variables ROS/ROST and PNB can be predicted satisfactorily by using 
multiple regression models based on the identified significant factors. It should be 
noted that the numbering of effects differs from the one applied in the first screening 
design since the design matrices used in the two steps are different.  

6.     Discussion and conclusions 

To support the proposed methodology for the identification of information-based 
maintenance support services, four software tools (MATLAB, SIMLOX, MsAC, and 
MsVS) were adapted and integrated into a toolbox that facilitates a combination of 
simulation and Design of Experiment (DoE) principles. Hence, the methodology and 
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its toolbox provide valuable support to those that want to combine these principles to 
identify information services that have significant impact on a support solution, e.g., 
as part of an eMaintenance solution. 

In order to achieve the desired methodological support for the design and 
execution of experiments, a heterogeneous development environment was necessary. 
The reason was that the applied software tools, MATLAB and SIMLOX, do not 
provide an open generic interface that can be accessed from other environments, such 
as MsVS. Furthermore, MATLAB provides its own high level programming language 
that can be used within its environment, while SIMLOX lacks this feature. Hence, to 
provide a seamless workflow between these software tools, several different 
programming languages and development environments had to be utilized. However, 
one drawback with this approach is that it results in some overlaps that reduce the 
reusability of the developed components. 

A large factorial design results in a large number of runs. In a simulation context, 
this requires resources such as process time, processor capacity, and memory. 
Furthermore, if the structure of the system, with respect to the number of included 
items, and its maintenance support are complex, the number of possible control 
variables and the time for each run increases. In order to perform the runs within a 
reasonable period of time, the inherent software components must be scalable, e.g., 
provide multi-threading for simultaneous execution and the ability to spread the 
execution onto several parallel processors and servers. These types of features are 
essential to providing the scalability that is required for the management of large 
experimental designs and especially replications. However, some of the selected 
software tools in the developed toolbox lack the capability to provide such a 
scalability feature, which resulted in a sequential model for the execution of runs. This 
might be one reason that the two-level full factorial design with 15 variables, i.e., 215 
= 32,768 runs, was not possible to complete. 

During the design, execution, and analysis of experimental designs in a simulation 
context, a large amount of data is created. These data need to be correlated to each 
other during the different phases of the proposed methodology. Hence, a proper 
mechanism to manage the data is needed, which can be achieved by a Relational 
DataBase Management System (RDBMS). In the compiled toolbox, MsAC was 
selected as the RDBMS. However, the performed study shows that MsAC lacks the 
capability to manage the large amount of data in the required amount of time. MsAC 
also lacks the capability to provide and manage the important scalability features 
mentioned earlier. 

Further research could focus on the inclusion of distributions for the experimental 
factors and variables when appropriate. This is possible to do with the selected 
simulation tool. Including distributions for the control variables makes it meaningful 
to perform replications of runs, which enables an analysis of the control variables’ 
effect on the responses’ variations by using the log(s2) as a response. This possibility 
may be of interest where it is more important to reduce the variability than to reach 
specific response levels, or when it is of interest to perform a sensitivity analysis. The 
applied simulation tool is able to quickly perform many replications of each run 
through Monte Carlo simulation. However, if the replications are based on the whole 
experimental plan, aspects of scalability and data management become critical since 
several software tools have to be integrated with each other. Another interesting 
possibility for further research is to use DoE principles to optimize the support system. 
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