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Abstract. After the pilot phase of a simulation study, if the model 
contains many factors, then direct experimentation may need too much 
computer processing time, therefore the purpose of screening 
simulation experiments is to eliminate negligible or unimportant factors 
of a simulation model in order to concentrate the efforts upon a short 
list of important factors. For this matter the Sequential bifurcation 
procedure developed by Bettonvil and Kleijnen [3] is an efficient and 
effective screening method which can be used. In this study, the 
Sequential bifurcation screening method is used to determine the 
important factors of a simulation based decision support model 
designed by The Swedish Defense Research Agency (FOI) meant for 
testing operational plans. By using this simulation model, a decision 
maker is able to test a number of feasible plans against possible courses 
of events. The sequential bifurcation procedure was applied and sorted 
the most important factors involved in this simulation model based on 
their relative importance. 

Keywords. Simulation, Screening, Sequential Bifurcation, Design of 
experiments. 
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1. Introduction 

 

Simulation modeling is popular method to create an abstract representation of an 
existing system to predict the performance of a complex system, especially systems 
that include random phenomena. Often when designing, the simulation model might 
become rather so complicated that may be difficult and time intensive to exercise 
and experiment with. In this case, once the model has been developed, it is required 
that the factors involved in the simulation model, be categorized into important and 
unimportant. Therefore by having a list of the important factors involved in the 
simulation model, the efforts can be concentrated upon them. This process is called 
screening a simulation model which can itself be evaluated based on four criteria 
known as efficiency, effectiveness, robustness and ease of use. The efficiency of a 
screening procedure is determined by the number of runs. Effectiveness is the ability 
of determining important factors of a simulation model. The robustness is the ability 
of the method to work without a prior knowledge of the problem and lastly the ease 
of use that relates to the implementation issues. 

 

1.1 Motivation 

In this project a complex simulation model is screened for the purpose of extracting 
a list of important factors involved in the model. The simulation model is designed 
and developed by The Swedish Defense Research Agency (FOI) for testing 
operational plans where a number of feasible plans can be tested against possible 
courses of events in order to decide which of the plans is capable of achieving the 
desired military state. This model contains 153 factors divided into 9 groups; each of 
which containing 17 attributes. 

The aim of this project is to come up with a short list of the most important factors 
of the aforementioned simulation model sorted based on their relative importance. 

1.2 Thesis outline 

This document is organized in the following order: 

- Chapter 1: This chapter provided a general overview of the whole project, 
the thesis objective and the thesis outline. 

- Chapter 2: This chapter gives an introduction to simulation and some 
preliminary studies in the area of factor screening methodologies and 
procedures. It also gives a short overview of the application areas where 
these screening procedures have been applied to. 
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- Chapter 3: This chapter contains our problem specification and a discussion 
regarding this problem. 

- Chapter 4: In this chapter the design and implementation of the sequential 
bifurcation procedure is briefly described. 

- Chapter 5: In chapter 5 the results of applying the sequential bifurcation 
method upon the simulation model under study are provided in detail. 

- Chapter 6: Lastly in chapter 6 conclusions are made and the future work is 
pointed out. 
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2. Background 

As discussed in the previous chapter, a summary of the concepts related to the 
project has been pointed out, so in this chapter, we will introduce some of the basic 
concepts that the reader should be familiar in order to proceed with the designated 
project. 

2.1 Simulation Models 

This section gives a brief overview of computer based simulations, types of models 
and systems and the steps involved in a simulation study. 

 

2.1.1 Definition of Simulation 

 

The term simulation is defined as a method of creating a model such as an abstract 
representation or facsimile of an existing system so to recognize and understand the 
factors which control the system under study and to forecast the future behavior of 
the system [12]. Or in other words “A simulation is the imitation of the operation of a real 
world process or system over time” [2]. This model is built around a set of assumptions 
concerning the operation of the system, which is then used to reveal much 
information regarding the real-world system. If the model under study is simple 
enough to be described by mathematical models (such as algebra, calculus or 
probability theory) then an analytic approach can be used to extract information upon 
the model under study by the means of these mathematical models. But for those 
models which are too complex and cannot be evaluated by analytic methods, 
simulation methods should be used to draw information from them [1]. Simulation is 
useful in the following occasions: 

1. Where the internal interactions of a complex system or of a subsystem within 
a complex system in meant to be studied.  

2. In which the knowledge obtained from designing the simulation could bring 
about suggestions for improving the system under investigation. 

3. By feeding different type of inputs and observing the resulting outputs, it can 
provide intuitions about how variables interact and which of the variables 
affects the output the most. 

4. When one needs to predict how a new design or policy might interact to a 
set of inputs so evaluate the design prior to the actual implementation. 

5. Where it can verify the analytic solutions as well. 

6. Where learning is possible using simulations specifically meant for training in 
order to eliminate the cost. 

7. Where an animation bounded to the simulation model can be used to 
visualize the plan under study [2]. 
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The aforementioned items are some of the purposes that we might want to consider 
simulating the model instead of actually dealing with the real world process. 

Simulation has many advantages; some of them are listed below: 

1. Simulations can be used to examine new policies, operating procedures, 
information flows, etc. without disrupting the ongoing real system 
operations. 

2. Hypothesis can be tested for feasibility by the means of simulation. 

3. Time required for an operation can be varied and examined for the 
phenomena under investigation. 

4. Blockages and impediments of the system can be perceived. Problems such 
as delays in the work process, information, etc. can be discovered and 
eliminated. 

5. A simulation can help us understand how the system operates rather that 
how it is thought to be operating [13]. 

In contrast there are some disadvantages over simulation as a tool to experiment 
phenomenon mentioned below: 

1. Simulation models might often be time and resource consuming. Avoiding 
some resources might not represent the model. 

2. Results obtained from the simulation outputs might be difficult to interpret 
[13]. 

 

2.1.2 Discrete versus continuous systems 

 

There are two categories of systems known as discrete and continuous. The system 
in which the state variables change only at discrete points in time are called discrete 
systems whereas those in which the state variables change continuously over time are 
called continuous systems[2]. Figure 2.1 illustrates these two types of systems. 

 

Figure 2.1–Continuous versus Discrete system state variables (Adopted from figure 
1.1 and 1.2 in [2]) 
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2.1.3 Types of models 

 

Simulation models are classified into static, dynamic, stochastic and deterministic. 
Static type of models, which is also known as Monte Carlo simulation, represents a 
system at a particular point in time. Dynamic models represent those systems which 
change over time. Simulation models, where no random variables are used, are called 
deterministic models, whereas those, in which random variables are used, are known 
as stochastic models. In deterministic models, a set of outputs are generated given a set 
of known inputs. But in stochastic models, having at least one random variable leads 
to random outputs, therefore they are considered as estimates of the true 
characteristics of the model [2]. 

 

 

2.1.4 Planning a simulation study 

 

A simulation model designer should consider 12 steps for its design [2]. First he 
should start with the problem formulation. In this phase the designer should formulate 
the problem statement in a clearly understandable and agreeable form for the policy 
makers and analysts. After that the objective and overall project plan should be set. Meaning 
that the questions that are meant to be answered by the simulation program should 
be stated and all alternative systems and the methods for evaluating the effectiveness 
of those alternatives should be considered. The next phase is the model 
conceptualization. In this phase we construct a model of a system, thus the best way is 
to start with a simple model and approach toward the complex model, but the fact is 
that the model complexity should grow as much as required and it is unnecessary to 
have a mapping between the model and the real system. Next phase is Data collection. 
This phase constitutes a large amount of time of the simulation design which is 
better started as early as possible. As complexity of the model changes, the required 
data also change. Next is the Model Translation, in which the model should be entered 
into a computer-recognized format. After that we should verify whether the 
simulation program performs properly or not. Next is to validate the model, in that an 
iterative procedure is meant to compare the model against the actual system behavior 
so by using the discrepancies between the two models and the insights gained, the 
model is improved. After validation it is time to do the experimental design. In this 
phase, the simulation alternatives will be determined; in fact those alternatives 
nominated for simulation would be a function of runs that have been completed and 
analyzed and have to be selected. As for the next phase we have production runs and 
analysis, in which estimate measures of performance for the system under simulation 
is done. Next the analyst would determine whether more runs are required for the 
experiment. Next is the documentation and reporting which consists of program and 
progress documentation. The program documentation is meant to document the 
procedure and how the program operates, so in this case other analysts can 
understand how the program works. On the other had progress reports provide 
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important written history of a simulation project that gives a chronology of the 
completed tasks and the decisions that were made. Lastly, it would be the 
implementation phase which is the process to implement the program. Note that 
successful implementation depends on a continuous interaction between the model 
user and the successful completion of every phase in the process [2]. Figure 2.2 
illustrates the corresponding flow chart. 

 

Figure 2.2–Steps involved in a simulation study (Adopted from figure 1.3 in [2]) 

 

So in general we can consider the planning a scientific investigation as an iterative 
procedure consisting of the following steps [9]: 
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1. Stating a hypothesis to be evaluated. 

2. Planning an experiment to test the hypothesis. 

3. Performing the experiment. 

4. Analyzing the out coming data from the experiment. 

In the first step we actually state the hypothesis that requires to be evaluated so then 
we will perform the experiment for this purpose. The second step can be further 
decomposed in to the following steps [9]: 

1. Defining the goals of the experiment. 

2. Identify and categorize dependent and independent variables. 

3. For the behavior of the simulation model we choose a probability model. 

4. Choosing an experiment design. 

5. Validate the properties of the experimental design. 

As for the first step, i.e. the goal of the experiment, we shall have to answer some 
questions such as why was the simulation model constructed or what issues are 
examined during the experiment? For instance Table 2.1 introduces some of the 
goals that are designated during the course of an experiment. 

 

Table 2.1–Goals by cycle of investigation (Adopted from table 1 in [9]) 

Cycle Goal 

1. Early Validation 

2. Early Screening 

3. Middle Sensitivity analysis, understanding 

4. Middle Predictive models 

5. Late Optimization, robust design 

 

Next is to identify the dependent and independent variables. In this step we identify 
quantities that can be set to desirable values in a simulation study are known as 
independent variables. On the other hand dependent variables are the ones that can vary in 
effect of the changes made by the independent ones, such as performance measures. 

Also there are two other types of variables know as intermediate variables which are 
variables that cannot be controlled independently and are affected by the setting of 
the independent variables. And nuisance variables that is known to affect the behavior 
of the system but cannot be controlled directly [8]. 

Next is to construct a probability model. This step is closely in relation with the first 
step of conducting a scientific investigation, i.e. defining a hypothesis to be 
evaluated. 
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After that we have to choose an experiment design. In this phase many different 
designs such as random designs, optimal designs, combinatorial designs, mixture 
designs, sequential designs and factorial designs are possible to use. As for the 
factorial designs, each factor is tested on combination of every level of every other 
factor. We will cover some of the experimental designs briefly. 

Lastly we have to validate the properties of the design. Since we have to validate the 
model, a mathematical check is required. In this phase we can create a random 
artificial response before running the simulation model and proceed with the 
statistical analysis. In case the design was inadequate, the statistical package will show 
that the parameters cannot be estimated [8]. We will also consider the validation in 
detail. 

2.2 Evaluating simulation models 

In this section we will briefly discuss a procedure comprising of five important steps 
that is meant to evaluate the simulation models through statistical techniques. The 
first step is the validation and verification phase where the analyst validates the model by 
using special type of regression analysis if there are enough data; otherwise the 
analyst would use design of experiments such as fractional factorial design. The next 
step is to run a screening procedure which is to identify a few say k important factors 
among many, say K potentially important factors where (k <<K). Since there are 
many factors involved in the simulation, the required time to run the simulation 
would be a problem. So the analyst assumes that the number of runs (say n) would 
be less than the number of factors (n<<K) [14]. The screening procedures and 
specifically the sequential bifurcation technique will be covered briefly in the next 
sections. Once the important factors are identified, we will proceed with the sensitivity 
analysis. Sensitivity analysis is defined as “the investigation of the reaction of the simulation 
response to either extreme values of the models quantitative factors (parameters and input variables) 
or drastic changes in the models qualitative factors” [14]. So the analyst would use regression 
analysis to generalize the results of the simulation experiment. Next is the validation 
phase which is used to validate the simulation model either in the absence of real 
data or by having the real data to feed. In this phase, if real data is available then by 
the means of regression analysis the model can be tested. Otherwise if no data is 
available then analyst’s qualitative knowledge should be put in effect, that is they do 
know in which direction certain factors affect the response. Next is to do the 
uncertainty analysis, which is to input samples from a variety of prespecified 
distributions. The goal in this phase is to quantify the probability of specific output 
values. Lastly, in the optimization phase the analyst controls the policy variables. In 
this phase the Response Surface Methodology can be used [14]. 
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2.3 Advanced screening methods 

As we have discussed, if the pilot phase of the simulation study has many factors, 
then straightforward experimentation requires too much computer time [14], in this 
case the analyst uses a screening procedure in order to eliminate negligible factors so 
that efforts may be concerned upon just the important ones. Also in order to 
optimize the response or output of the system the best settings of the independent 
variables should be determined. To learn about a system one option is to passively 
observe it and another option is to systematically experiment on the system by 
setting the independent variables to levels and observing the response. Such an 
approach requires an experimental design followed by statistical analysis so to make 
inferences about the relationships between the inputs and outputs [6]. 

There are four main criteria’s to consider in order for a screening method to be 
chosen and they are efficiency, effectiveness, robustness and ease of use. Efficient 
screening methods are those that require a manageable number of runs. This 
criterion is a qualitative measure that depends on the size of the problem, i.e. the 
number of factors. Effectiveness is defined as “the ability to find the important independent 
variables regardless of the interactions among the variables” [7]. The third criterion is called 
robustness which is the ability for the screening procedure to be applied without any 
prior knowledge of the problem. Because in some cases there are certain conditions 
that should be met in order for the method to be applied. The last criterion which is 
desirable but not necessary is the ease of use. An easy to use method in certainly easier 
for the experimenter but can be relaxed in exchange for effective, efficient and 
robust method. 

To begin with, we will first introduce some classical though inefficient and 
ineffective approaches such as one-at-a-time designs and Plackett-Burman then we 
will proceed with advanced designs such as factorial designs, Trocine screening 
procedures, two stage group screenings and sequential bifurcation. 

 

2.3.1 One-at-a-time method 

 

The method of one-at-a-time design consists of selecting a starting point with levels 
for each factor, then varying each factor over its range while the other factors are 
kept constant. Once the tests are performed a series of graphs are constructed 
indicating how the response variable is affected while each factors is varied when the 
other factors are kept constant. The major disadvantage of this approach is that it 
would not consider any possible interactions between the factors. Interaction is 
when a factor would not be able to produce the same effect at different levels of 
another factor. So if there are interactions, the one-at-a-time design will produce 
poor results [15]. 
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2.3.2 The Plackett-Bruman method 

 

The next method is Plackett-Bruman which is used to indicate two level fractional 
factorials (although more levels are also possible). It also allows efficient estimation 
of main effects of all factors being explored. In addition it assumes all interactions 
between factors can be tentatively ignored. 

In this method, the required number of runs should be a multiple of four but not 
necessarily a power of two. Each column represents factors, the rows of the matrix 
represent the process runs and elements in columns specify level to set for factor for 
the given experiment. The main objective is to look at the post processing results 
and determine the main effect of the interaction. Needless to say the more factors 
we have the more information can be determined. The factors go across top of the 
matrix from left to right and are labeled with f1 to fn [17]. The last row in the matrix 
will be all minus (-) and the first row will be extracted from a predefined table 
(corresponding to the number of factors) and the next rows will be obtained by 
shifting the first column of the previous row one place cyclically [16]. The plus sign 
(+) indicates the upper values of the variable and the negative sign (-) indicates the 
lower limits per variable. For instance in table 2.2 a sample matrix is given. 

 

Table 2.2 - Matrix pattern for 7 factors 

 F1 F2 F3 F4 F5 F6 F7 

R1 + + + - + - - 

R2 - + + + - + - 

R3 - - + + + - + 

R4 + - - + + + - 

R5 - + - - + + + 

R6 + - + - - + + 

R7 + + - + - - + 

R8 - - - - - - - 

 

After building the matrix we will then compute the low and high limits for each 
variable by the means of the following formula given in 2-1 and 2-2 (for 8 runs). 

                      ( )   
 

 
(                                          ) (2-1) 

                      ( )    
 

 
 (                                          ) (2-2) 

In this case the upper limit for the factor1 would be: 

                        
 

 
[           ] (2-3) 

                         
 

 
[           ] (2-4) 
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Once we found the lower and upper values for each factor, we will then find the 
means. After that we may change a specific run and calculate the limits again to see 
whether a change in the operating variables of a system is followed by a change in 
the outputs of the system. 

As an example, we have a two variable matrix having 8 runs with some sample 
numbers as illustrated in the table 2.3. 

 

Table 2.3 - Sample input matrix for Plackett-Bruman procedure 

Row F1 F2 

R1 3 (+) 3.1 (+) 

R2 2 (-) 2.7 (+) 

R3 2.2 (-) 1.9 (-) 

R4 3.1 (+) 2.0 (-) 

R5 2.3 (-) 3.5 (+) 

R6 2.9 (+) 2.1 (-) 

R7 2.8 (+) 3.0 (+) 

R8 2.0 (-) 2.0 (-) 

 

Therefore we have the lower and upper limits for the variables as: 

               
 

 
[           ]        (2-5) 

                
 

 
[           ]         (2-6) 

                       (2-7) 

And mean of variable 1 is 0.415 and mean of variable 2 is -0.26. 

If we change two runs, i.e. runs 2 (R2) and 5 (R5) with r2-f1 equal to 4, r2-f2 equal 
to 5, r5-f1 equal to 3.5 and r5-f2 equal to 2.9 we will result in the following limits: 

F1-UL=2.95, F1-LL=2.92, F2-UL=2.55, F2-LL=2.95, Mean of F1=0.06 and mean 
of F2=-0.185. As conclusion, we can observe that the net change of variable 1 is 
equal to 0.377 and the net change of variable two is 0.075; therefore we can predict 
which of the factors have the most influential response to the changes in the process 
runs. 

Changing one variable at a time may be ineffective and interactions cause unforeseen 
problems in the sense that it cannot be seen until the change has been made. Having 
the array to be composed orthogonally, in the form of a matrix, is a way to examine 
all inputs at all possible combinations [17]. 

 



 

 

 

20 

 

2.3.3 Factorial designs 

 

A factorial design is the case where an experiment consists of two or more factors, 
each having discrete values or levels whose experimental units consists of all possible 
combinations of these levels across all such factors [18]. So if we have a levels of 
factor A and b levels of factor B then each replicate contains all possible a.b 
combinations [15]. For instance the table 2.4 shows a sample data containing two 
levels of two factors A and B. As it appears in a factorial experiment where the 
factors do not have interaction over one another, the direction of change for each 
factor in the presence of another factor would be the same when another factor is 
presented. But as for the experiment having interactions between factors the 
direction of effect would change by the existence of other factors. So in the given 
example given the direction of change for the factor A in the presence of factor B1 
would be 40-20=20 and the direction of change of factor A in the presence of factor 
B2 would be 52-30=22 which are both positive; opposite for the case with 
interaction that have 30 for the former and -28 for the latter case. 

Table 2.4 –A factorial experiment without factor interactions (left) and with 
interactions (right) 

  B1 B2 

A1 20 40 

A2 50 12 
 

  B1 B2 

A1 20 40 

A2 50 12 
 

 

 

In general if we have a levels for factor A and b levels for factor B the arrangement 
of the experiment is given in table 2.5. 

Table 2.5 –General arrangement for a two factorial design (Adopted from table 7.5 
in [15]) 

 Factor B 

Factor A 

 1 2 … b 

1 y111,y112,…,y11n y121,y112,…,y12n  y1b1,y1b2,…,y1bn 

2 y211,y212,…,y21n y221,y222,…,y22n   

…
 

    

a ya11,ya12,…,ya1n ya21,ya22,…,ya2n  yab1,yab2,…,yabn 

 

As a special case of factorial designs is where there are k number of factors each 
having two levels. These values might be qualitative such as two machines, two 
operators or high or low variables of a factor or perhaps the presence or absence of 
a factor, so in this case a complete replicate of such a design requires 2×2×…×2=2k 
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observations which is called 2k factorial designs [15]. As a case with k=3, i.e. having 3 
factors, we have a cube with each dimension representing one factor, so in this case 
we have 8 values corresponding to each corner (figure 2.3). 

 

Figure 2.3 – The 23 factorial design (Adopted from figure 9.3 in [15]) 

To sum up, the factorial design requires all possible combinations of levels of all 
factors. If our factors constitute two values, then we have 2k possible combinations 
for k factors that need to be analyzed. 

 

2.3.4 Trocine screening procedures 

 

The idea behind this method is to use genetic algorithm to generate points to 
observe and to iteratively get feedback from prior observations. In this procedure, at 
the first step three replicates in which all their factors are set to high are to be run, 
then their mean and range of all three responses are computed and used for 
computing the fitness of points for the genetic algorithm and in analyzing the results. 
In the second step, an initial set of points is run where the number of points 
depends on the total number of factors in the problem, for 15 factors 4 initial points, 
for 16 to 31 factors 5 initial points are run. Table 2.6 shows sample initial points for 
a 15 factor problem. An important point in constructing the table is that no two 
columns should result in one when they are multiplied (to be totally positively 
aliased). 
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Table 2.6– Initial points for 15 factor problem in TSP (Adopted from table 1 in [6]) 

A B C D E F G H I J K L M N O 

-1 -1 -1 -1 1 -1 -1 -1 1 1 1 -1 1 1 1 

-1 -1 -1 1 -1 -1 1 1 -1 -1 1 1 -1 1 1 

-1 -1 1 -1 -1 1 -1 1 -1 1 -1 1 1 -1 1 

-1 1 -1 -1 -1 1 1 -1 1 -1 -1 1 1 1 -1 

 

In the third step, the fitness of the observed points are computed which is defined to 
be the absolute difference of the response from the endpoint of the range about the 
mean of the replicates so the larger the difference of the responses from the 
replicates, the more information is derived by the point, thus it has a higher fitness. 
Those points that have a response value in the range about the mean do not give any 
useful information about which factors might be significant and so their fitness is set 
to zero. After that, the genetic algorithm is applied by enforcing the operators of 
selection, mutation and crossover. Selection is done by using a probability 
proportional to the fitness of the observed points over the total fitness of all 
observed points. Mutation is done by flipping a level of a single factor from +1 to -1. 
Lastly the crossover is done between two selected parents by selecting factor levels 
from either parent with 50% probability for each. In each of the iterations, four new 
points are added to the design; also the data are analyzed to see which of the factors 
have significant impact on the output, which of them are not significant and which 
are questionable. Those that are insignificant will be discarded. After that the 
responses are saved as a scorecard which is composed of four tallies and one 
accumulator. Every pair of points are compared to see how different their responses 
are and whether the factor levels are different as well. If a factor level changes but 
the response keeps unchanged then that factor may have negligible effect and an 
increment to the corresponding tally is made. However, if the responses are widely 
different when a factor level is changed, then a different tally is incremented to 
record the fact. The other two tallies track the direction of the effect of a factor and 
the accumulator adds the related value of the change in response corresponding to a 
factor. All of these values form the total score for each factor. 

After each of the iterations, the total scores are ranked. If there are a lot of changes 
between iterations, then the TSP procedure continues to extract useful information 
about the problem, but if the ranks are not changing so much, the procedure stops 
since no new information is being derived. Also TSP will be stopped if a preset 
budget is reached. Figure 2.4 shows the flow of the Trocine screening procedure. 
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Figure 2.4 –Flow of Trocine screening procedure (Adopted from figure 2 in [6]) 

 

2.3.5 Two stage group screenings 

 

First the term group screening in designs is used when k factors are grouped into g 
groups, each group being considered as a single factor. The assumptions of group 
screening imply that if a group factor in investigated as insignificant then the entire 
group would then be insignificant and can be dropped for further exploration. Vice 
versa, if a group is found to be significant then one or more of the original factors is 
found to be significant so in the next stage this group of factors should be further 
investigated. In a two stage screening procedure, the g group-factors are tested in the 
first stage and then the original factors of the significant group are tested individually 
in the second stage [16]. So to mention we can use any of the screening procedures 
upon each group. In this case we can for instance arrange the factors into logical 
groups and run the fractional factorial design on the group. Upon identification of 
the important group, the factors within that group are further decomposed and a 
new fractional factorial is run upon that sub group. Hence the results of the first 
stage are analyzed and used to design the second stage and this iterative procedure 
will proceed further with the next stages if required [6]. This is why this approach is 
called two stage screening. 

So to mention, the factors and interactions between and among the factors in a 
group must not cancel each other through opposing sign of effects, otherwise the 
group may be considered unimportant and dropped [6]. 

 

2.3.6 Sequential Bifurcation 

 

In this section we are going to provide a brief description on a screening procedure 
known as sequential bifurcation. As discussed previously, simulation experiments often 
result in a massive amount of outputs corresponding to a complicated simulation 
model, thereby determining the factors that influence the output the most would be 
a matter of concern. Although real world systems vary a few factors, simulation 
upon experimental models may vary hundreds of factors [4], therefore getting to 
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know which of the factors has significant effects would be very important for 
scientists. So screening is a method to search for the most important factors among a 
large set of factors in a simulation experiment [5]. 

In correlation, the parsimony principle of science shows it is essential that operational 
research or the management of science should result in a short list of the most 
important factors rather to conclude that everything depends on everything else, also 
it is required to do a screening procedure upon simulation results on the pilot phase 
of simulation studies so to further explore the important factors in later phases [3]. 

As explained, in order to deal with large simulations, analysts applied group screening 
procedures by means of combining individual factors into groups and experimenting 
with them as individual factors. In group screening procedures, a low order polynomial 
approximation for the input/output behavior of the simulation model is assumed, 
meaning that it would be treated as a black box which has the advantage of 
simplicity; also it could be applied to all types of random and deterministic 
simulations [3].  

One of the important characteristics of sequential procedures is that the analysts do 
not need to quantify the level of effects to consider them as important, rather while 
the simulation outputs appears, the procedure itself updates the limits for the factor 
effects; so by the time the analyst determines that the effects have reached a 
desirable stage, the simulation can be terminated [3]. 

This screening procedure, assumes a low order polynomial approximation for the 
input/output behavior of the simulation model also known signs for the main 
effects. In polynomial approximation the model is treated as a black box so it can be 
applied to all types of deterministic and stochastic simulation models [3]. 

So we can assume the output of the simulation model as: 

   (            )  (2-8) 

Conveniently we can transform the quantitative factor v in the above formula to be a 
standard variable such as x that has values 0 and 1 where 0 corresponds with the 
level that generates a low output and 1 corresponding to the level that generates a 
high output. So as the simplest approximation of the simulation model can be 
defined as below: 

                         (2-9) 

As we can see the simulation output can be introduced as the sum of all effects 
corresponding to all factors. Hence, each factor being in its high state will generate βi 
and 0 if it is stated low. Also the main effects are non-negative, therefore the 
direction of the influence generated by each factor is known. Since we are 
considering that the approximation errors are negligible, we can omit the parameter e 
from the above formula. 

By assuming that effects are non-negative, we can compute sum of the effects from 
factor 0 to j. So in this case, factors from 0 to j are switched on and factor from j+1 
to k are switched off. Therefore we have y(k) denoting the sum of effects generated 
from factor 0 to k: 
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 ( )                         (2-10) 

And the effects from factors j to k can be calculated by summing up all effects 
corresponding to factors j to k[4]: 

     ∑   
 
     (2-11) 

Also if we are considering r replicates with the same dataset the mean of the effects 
from factor j to factor k is[4]: 

      
̅̅ ̅̅ ̅̅ ̅̅  

 ( )    (   )  

 
   (2-12) 

So in order to consider the effect of one factor given r replications we have [4]: 

    
̅̅ ̅̅̅  

      (   )  

 
   (2-13) 

The sequential bifurcation works the following way. It first aggregates all factors into 
a single group and tests whether there are any important factors in the group. If so it 
further splits the group down into two sub groups and performs the same procedure 
continuously until it reaches to the most important factor[4]. So in the first stage it 
computes the two extreme factor combinations, namely y(0) (all factors are switched 
off) and y(K) (where all factors are switched on). Then it checks whether y(0) is less 
than y(K); if so the sequential bifurcation infers that the sum of all individual main 
effects are important (y(K)) therefore it bifurcates the group into two subgroups. 
Again the procedure checks the value of y(K/2) and y(K)-y(K/2) to see which of the 
subgroups constitute higher effects. As an example, if our model contains 128 
factors, the procedure initially computes y(0) and y(128). If y(128) is higher than y(0) the 
group with 128 factors would be further bifurcated to two subgroups from factor 1 
to 63 and the other subgroup consisting factors 64 to 128. Figure 2.5 shows a sample 
run for a given simulation model consisting 128 factors which results in the most 
important factors namely 68, 113 and 120. 
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Figure 2.5 –A sample run of the SB algorithm (Adopted from figure 1 in [3]) 

 

If the group size is not a power of two, the sequential bifurcation would not split the 
group in the middle rather it would consider the next higher power of two as the size 
of the group, so if the group consists of 22 factors, the group size would be 32; then 
the factors would be grouped from 1 to 15 in the first subgroup and factor 16 to 22 
into the next subgroup. If the first subgroup is considered as important it can be 
further bifurcated as before but if the second subgroup is to be spitted, the same 
procedure applies and it would be considered as group sized as the next power of 
two of the current subgroup. 

To select the subgroup to be further bifurcated, the algorithm considers the 
maximum effect of the remaining subgroups. For instance from the above example, 
on the fourth stage we have: 

 ( )                                (2-14) 

Next design for sequential bifurcation is to consider the interactions between factors. 
Interaction means that the effect of a specific factor depends on the levels of other 
factors (here we consider two factor interactions). In this case the y-(j) is also 
computed which denotes the outputs with the first j factors switched off and the 
remaining factors switched on also y-(j) is called the mirror observation of y(j) and so 
the definition implies that y-(0)=y(K) and y-(K)=y(0). Obviously the number of runs is 
doubled in this scenario and we calculate y(j) and y-(j) in each step. It is provable that 
the difference y(j) - y-(j) is a non-decreasing function of j so in stage 0 the application is 
to compute: 
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 (( )   ( ))  ( ( )    ( ))  (2-15) 

If it results in a positive value then it is shown that the factors contained between 
1...K are considered important therefore the bifurcation proceeds with this set so in 
the next step we will have: 

( 
(
 

 
)
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)
)  ( ( )    ( ))  (2-16) 

For the first subgroup and: 

( ( )    ( ))  ( 
(
 

 
)
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)  (2-17) 

As for the second subgroup; so we compare the outputs and evaluate which of them 
contain the factors with higher effects and the algorithm further bifurcates the 
selected group. 

The effect of factors in ranged between i to j for the design with two factor 
interaction is [5]: 

      
̅̅ ̅̅ ̅̅ ̅  

( ( )     ( )  ) ( (   )     (   )  )

 
   (2-18) 

Likewise the individual main effects estimate is [5]: 

    
̅̅ ̅̅̅  

( ( )     ( )  ) ( (   )     (   )  )

 
   (2-19) 

 

In the sequential bifurcation procedure the expected number of runs at the worst 
case is given by: 

        [    (    )]  (2-20) 

Where K is the total number of factors in the simulation model and k is the number 
of the important factors extracted from it. This is when the total number of factors 
is a power of two; otherwise this equation gives an approximation [3]. 

 

2.3.7 Controlled Sequential Bifurcation 

 

This approach is a modification to the classic sequential bifurcation but for 
stochastic simulations. The contribution of Controlled sequential bifurcation method 
is that it controls the power and type I error at the same time. Type one error is 
defined as the probability that an effect is classified as important when it is not and 
power is defined as the probability that an important effect is correctly classified. If 
we are considering two different factors we have to make sure that they are based on 
the same cost, in this case we might have to scale the effect coefficients. Assume that 
∆0 is the minimum change in the response which we would be willing to spend c* to 
achieve, and ∆1 be the change that is desirable for us if it only costs c*, so we are 
willing to find factors whose effects are more than ∆0 and less than ∆1 in other 
words, the factors that fall between these two values are considered important and 
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we want to produce to have reasonable power to identify them. In figure 2.6 we can 
see the acceptance zone of factors based on the range of their effects. 

 

Figure 2.6 – Illustration of the desired performance of screening procedures 
(Adopted from figure 1 in [11]) 

 

As for the high level application procedure, it first initializes an empty LIFO stack, 
and inserting the whole group of factors in it. Then it iteratively checks to see 
whether the queue has become empty; if not, it removes a group from the queue 
then tests whether this group should be classified as unimportant or important. If 
the group is unimportant, then all factors in the group are also unimportant but if 
the group is considered important and if it contains more than one factor, then the 
algorithm splits the group into two subgroups in a way that all factors in the first 
subgroup have smaller index than those in the second subgroup; after which it adds 
the two subgroups in the LIFO stack. For the case that the important group only 
contains one factor, then it has reached an important factor and is removed from the 
list. The procedure iterates until the stack becomes empty, i.e. all factors either have 
been classified as unimportant or important [11]. Figure 2.7 shows a flowchart 
corresponding to the Controlled sequential bifurcation algorithm. 
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Figure 2.7 – Steps involved in the controlled sequential bifurcation procedure 

 

In the test stage of the algorithm, the criteria that determines that a sub group 
constituted of factors k1, k1+1, …, k2 might contain important factors or not is to 
form the two hypothesis H0 and H1 as defined below and to check whether they 
hold or not (H1 used to determine if the group is important and H0 is to determine if 
it is unimportant) [11]. 

 

   ∑                     
  
      ∑       

  
         (2-21) 

 

Also hypothesis H2 is used to guarantee power [11]: 

   ∑      
  
         (2-22) 
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2.4 Comparing different screening methods 

As discussed earlier in this chapter, screening designs can be evaluated based on four 
criteria namely Efficiency, Effectiveness, Robustness and ease of use. 

Table 2.7 outlines a simple comparison between different screening methods based 
on the effectiveness criteria. In this table the first column, i.e. “Main effects” shows 
that all methods can be used to estimate the main effects. The second column shows 
whether the method can be used for 2-way interactions. The next column indicates if 
the method can be used to measure curvature. The next column, i.e. “Interactions 
without main effects”, shows that some methods are only able to measure 
interactions in the case that there is a significant main effect. The last column 
indicates that whether the method is robust to cancelling of effects by two effects 
having opposite signs. 

 

Table 2.7 –Effectiveness of screening methods (Adopted from [7]) 

Screening experiment methods 

Design Effectiveness in finding significant effects 

 Main 
effects 

estimated 

Interaction 
effects 

estimated 

Quadratic 
effects 

estimated 

No interactions 
without main 

effects 

Robust to 
cancelled 
effects 

Desired Yes Yes Yes Yes Yes 

One at a time Yes No No No Yes 

Full factorial Yes Yes 1 Yes Yes 

Fractional factorial Yes Yes 1 Yes Yes 

Edge designs Yes No No No Yes 

Two stage group 
screening 

Yes Some No Some No 

Sequential bifurcation Yes Some No No No 

IFFD Yes Some Yes No Yes 

 

Also table 2.8 denotes the comparison between different screening methods based 
on efficiency, robustness and the issues with the screening methods. In the first 
column, the term K denotes the total number of variables in the original problem. 
The column under “Robustness” indicates if the method can be used for large 
number of variables and if monotonicity is required, in which a monotone function 
is described either as non-decreasing or non-increasing function. The last column, 
“issues”, shows the requirement for signs-of-effects. 
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Table 2.8 –Efficiency and robustness of screening methods (Adopted from [7]) 

Screening experiment methods 

Design Efficiency Robustness Issue 

 Number of 
experiments needed 

Monotonicity 
required 

Number of 
variables 

Sign of effects 
required 

Desired Small No Large No 

One at a time K No Small No 

Full factorial 2k
Large No Small No 

Fractional factorial 2k p
Large No Small No 

Edge designs 2K No Small No 

Two stage group 
screening 

Varies Yes Medium Yes 

Sequential bifurcation O(k log K) Yes Large Yes 

IFFD 100-500 No  Large No 

 

Table 2.9 indicates a comparison between the different screening methods yet again 
based on their relative ease of use throughout their design, analysis and availability. 

 

Table 2.9 –Relative ease of screening designs (Adopted from [7]) 

Screening experiment methods 

Design Ease of use 

 Overall Software 
Available 

Design Phase Analysis Phase 

Desired Easy Yes Easy Easy 

One at a time Easy No Easy Easy 

Full factorial Easy Yes Easy Moderate 

Fractional factorial Easy Yes Moderate Moderate 

Edge designs Moderate No Difficult Moderate 

Two stage group 
screening 

Moderate Yes Difficult Moderate 

Sequential bifurcation Moderate No Easy Moderate 

IFFD Moderate Yes Easy Difficult 
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Figure 2.8 indicates how we can decide the proper screening method for our 
simulation study. 

 

Figure 2.8 – Decision tree for selecting a screening design (Adopted from [7][2]) 

2.5 Some applications of Sequential bifurcation 

As discussed before, screening upon simulation experiments is required to eliminate 
unimportant factors and to result into a short list of important ones so to 
concentrate upon them. Sequential bifurcation is a screening method that proved to 
be efficient and effective so there are numerous simulation applications which use 
this procedure for screening their factors. Examples below give a couple of 
applications that used sequential bifurcation. 

 

2.5.1 Screening the port simulation model 

 

A seaport simulation model was developed by Regheb [19] as a doctoral dissertation 
whom intended to calculate the performance indicators of a port which was proved 
valid for the port of Alexandria, Egypt. This simulation model contained 44 factors 
which effect the turnaround time (as one of the most important performance 
indicators of a seaport). So all of these factors have high value representing a higher 
expected turnaround time and low values corresponding to lower expected 
turnaround times [10]. Table 2.10 shows all factors involved in this simulation 
model. So to mention each factor has its own high and low levels in regard to the 
generated effect by applying them to the simulation model to result in a non-
decreasing output. 

Table 2.10 – Base values, high and low levels of controllable variables (Adopted 
from table 1 in [10]) 

No. Variable Base 
Value 

High Level 
(+1) 

Low Level (-1) 

1 Speed of ships outside the port (8,12) (4,8) (12,16) 
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2 Outer anchorage setup time (10,30) (30,50) (1,10) 

3 Senior outer pilot 2 1 3 

4 First outer pilot 3 2 4 

5 Second outer pilot 1 0 2 

6 Third outer pilot 2 1 3 

7 Outer launches 6 5 7 

8 Speed of ships inside the port (3,5) (1,3) (5,7) 

9 Inner anchorage setup time (10,30) (30,50) (1,10) 

10 Lashing launches 17 15 19 

11 Lashing time (5,10) (10,15) (1,5) 

12 Senior inner pilot 2 1 3 

13 First inner pilot 3 2 4 

14 Second inner pilot 2 1 3 

15 Third inner pilot 3 2 4 

16 Inner launches 5 4 6 

17 Tugboats 24 14 24 

18 General cargo berths 26 20 26 

19 Other cargo berths 60 40 60 

20 Time before cargo handling 
operation 

438 482 394 

21 Bags tackle load 1.7 1.53 1.87 

22 Cartons tackle load 1 0.9 1.1 

23 Barrels tackle load 0.8 0.72 0.88 

24 Paper rolls tackle load .73 0.657 0.803 

25 Iron bars tackle load 4.5 4.05 4.95 

26 Iron rolls tackle load 2 1.8 2.2 

27 Iron pipes tackle load 1 0.9 1.1 

28 Boxes tackle load 1 0.9 1.1 

29 Bags crane cycle time 0.3295235 0.362475916 0.2965712 

30 Bales crane cycle time 3.0308873 3.33397603 2.72779857 

31 Barrels crane cycle time 5.632503 6.1957533 5.0692527 

32 Paper rolls crane cycle time 0.3765047 0.41415517 0.33885423 

33 Iron rolls crane cycle time 3.7530209 4.12832299 3.37771881 

34 Boxes crane cycle time 0.3175065 0.349257238 0.285755922 

35 Time after cargo handling 
operation 

950 1045 855 

36 Number of cranes  71 35 71 

37 Hold foreman 60 25 60 

38 Quay foreman 60 25 60 

39 Hold workers 373 130 373 

40 Quay workers 384 130 387 

41 Bags hold worker 57 25 57 

42 Bags quay worker 57 25 57 

43 Crane man 203 105 203 

44 Hook man 94 50 94 
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To run the sequential bifurcation procedure as the initial step the two extreme cases 
are calculated, i.e. Y(0) and Y(44).  

   ̅̅ ̅̅           ̅              
̅̅ ̅̅ ̅̅ ̅  

   ̅̅ ̅̅̅   ̅̅ ̅

 
             (2-23) 

After which, the factors are divided into two sub groups one consisting factors 
numbered from 1 to 20 and the next subgroup consisting the factors from 21 to 44.  

     
̅̅ ̅̅ ̅̅ ̅  

   ̅̅ ̅̅̅   ̅̅ ̅

 
              

̅̅ ̅̅ ̅̅ ̅̅  
   ̅̅ ̅̅̅    ̅̅ ̅̅̅

 
          (2-24) 

Again bifurcation proceeds with the next subgroups having the highest effect among 
other subgroups. In this case, with the subgroup containing factors 21 to 44. Table 
2.11 shows the result for a complete run of the Sequential bifurcation procedure 
upon this data [10]. 

Table 2.11 - The most important factors that affect the turnaround time without 
interaction (Adopted from table 3 in [10]) 

Rank Factor 
Number 

Factors Main Effect 
(minutes) 

t-statistics 

1 44 Hook man (the most important) 375.245 0.986 

2 42 Bags quay workers 349.950 1.598 

3 37 Hold foremen  290.656 1.236 

4 21 Bags tackle load 266.754 1.804 

5 40 Quay workers 265.876 0.874 

6 38 Quay foreman 211.455 0.559 

7 28 Boxes tackle load 187.423 1.343 

8 22 Cartons tackle load 146.832 0.739 

9 10 Numbers of lashing launches 143.400 1.151 

10 25 Irons bars tackle load 118.278 0.477 

11 20 Time before cargo handling 
operation 

115.555 0.874 

12 16 Number of inner launches 110.260 1.525 

13 6 Third outer pilot 92.475 0.911 

14 2 Outer anchorage setup time 76.123 0.710 

15 35 Time after cargo handling operation 73.431 0.866 

16 1 Speed of ships outside port 44.322 0.336 

17 17 Tugboat 16.823 0.108 

18 26 Iron rolls tackle load 10.235 0.094 

 

2.5.2 The Ericsson case study: supply chain simulation 

 

A supply chain is defined to have several links, which are separate companies or 
independent business units of a company. The issue with the Ericsson case study 
which is in the field of mobile communication industry centered at the Ericsson 
Company in Sweden, is to eliminate the links or steps within links in order to 
improve the total chains performance. Figure 2.9 illustrates a supply chain 
configuration. In this figure, squares denote test of the products produced by the 
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preceding operation which is denoted by a circle. Each chain starts by buying raw 
materials then processing them and finally assembling the components into final 
products. For this purpose a simulation model corresponding to the supply chain is 
modeled where the goal of such simulation model is to quantify the relationships 
among the simulation outputs, namely the steady state mean costs of the whole 
supply chain and the simulation inputs (or factors) such as lead time and quality. In 
this simulation model there are two types of factors; one group of factors that are 
controllable by the company and the other group that are determined by the 
environment. This simulation model consists of 92 factors [5]. 

 

Figure 2.9 – A supply chain configuration (Adopted from figure 1 in [5]) 

In order to come up with a list of the most important factors in the supply chain and 
to see which of the factors can change the output, namely the mean cost of the 
whole supply chain, the sequential bifurcation by assuming a meta model consisting 
of a first order polynomial augmented with two-factor interactions is applied. After 
running the procedure, a short list of the important factors is generated. This list is 
demonstrated in table 2.12. 

Table 2.12 – List of the important factors for the supply chain simulation (Adopted 
from table 2 in [5]) 

  Model 
  Old Current  Next  
Factor    Generation 
92 Demand    
90 Yield (Circuit board)    
89 Yield (Vision Test)    
88 Yield (SMD test)   N/A 
86 Yield (Function test)    
85 Yield (Time test)   N/A 
87 Yield (Test, after wave soldering)  N/A N/A 
47 Transportation (internal, circuit board 

factory) 
   

49 Transportation (between factories)    
45 Transportation (between SMD and test)    
42 Transportation (between wave soldering 

and test) 
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3. Design and Implementation 

 

This chapter provides a description of the simulation model under study and the 
problem definition regarding this project. Next the design and implementation of the 
sequential bifurcation algorithm is briefly described. To proceed, let’s recall the 
output of a simulation model which can be approximated by a first order polynomial 
function as below: 

                         (3-1) 

This function denotes the sum of all effects of all factors and xi represents presence 
or absence of factor i which can be set either zero or one as for the absence and 
presence of a factor, and lastly βi representing the effect of factor i. So in this case, 
the factors involved in the simulation program should be arranged in such a way that 
corresponds to the formula given in 3-1. 

 

In the following sections, the specification and description of the simulation model 
under study are given. After that, the design of the data structures used in this 
program along with their class designs and their diagrams are introduced. Lastly, this 
chapter proceeds with the implementation. 

 

3.1 Case study 

The simulation model under study is a decision support system that enables a 
decision maker to test a number of feasible plans against possible courses of events 
and decide which of these plans is capable of achieving the desired military end-state. 
The purpose of this simulation model is to evaluate plans and understand their 
outcomes through simulating the events and producing results that come from 
making alternative decisions. This simulation model was designed and developed by 
the Swedish defense research agency (FOI). 

 

3.2 Problem definition 

The simulation program under study is constituted of nine groups known as actors 
numbered from actor 1 to actor 9, each of them are consisted of 17 different factors 
labeled “weaponpower”, “livingconditions”, “stance”, “sympathizers”, “economy”, “stability”, 
“geographicaldominance”, “infrastructure”, “propagandachannels”, “socialnet”, “reputation”, 
“dissatisfaction”, “relationship”, “groupfeeling”, “idelogicalconviction”, “goalorientation” and 
“wisdom”. Each of the above named factors can take discrete quantitative values 
ranged between 0 to 3. Overall we have 153 factors that can take values 0, 1, 2 and 3. 
Having the above information, to generate all combination of inputs in order to feed 
to the simulation model and obtain the results we shall have 4×4×…×4 for 153 
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numbers of three equal to 4153. Obviously feeding this number of initial 
configurations to the simulation model and acquiring the results would require 
massive amount of CPU processing time. So it is hard to exercise and experiment 
with the simulation model effectively. Therefore the sequential bifurcation technique 
is used to screen this simulation model and to classify the factors as important and 
unimportant. 

Because of this problem, we map all these inputs as x1, x2, … , xk. corresponding to 
the inputs of the sequential bifurcation algorithm; therefore we should switch the 
inputs between high and low to proceed with the effect calculation of the factors. 
Here we state 0 for low level and 3 for high level of an input. All the factors stated 
above can be arranged in a vector made of 153 integers which hold one of the 
numeric values ranged between 0 to 3. 

 

3.3 Design  

As mentioned before, to design the sequential bifurcation algorithm, we require a 
data structure that defines a tree. Each node of this tree should contain the index 
and the value of y(i) which is the output of the simulation where factors numbered 1 
to i are set to their high value and factors i+1 to k are set to their low values. It 
should also contain y-(i) in the case of cross-product design to denote the output value 
where factors 1 to i are set to their low values and factors i+1 to k are set to their 
high values. In addition it should hold two pointers to two other nodes that are the 
children of this node in the tree. The class diagram given in figure 3.1 shows the 
attributes and operations defined in this class as the data structure of a node. As we 
can see in this figure, the two connected aggregates shows that the left and the right 
child of the node are also the same type. 

 

 

Figure 3.1 - Class diagram of a Node class 

Next is to design the data structure responsible for running the simulation program. 
In the class designed for this purpose, namely “ApplicationRun”, we designate a new 
thread to run the simulation program and wait for the execution to be finished; in 
this case we design another class which extends the Thread class (the class named 
“ApplicationRunThread”) and create the thread within the first class. Figure 3.2 shows 
the class diagrams designed for this purpose. 

 



 

 

 

39 

 

 

Figure 3.2 – Class diagram of AppliactionRun class and its subclasses 

Next is to design the data structure for updating the input XML file used for feeding 
data to the simulation program and also classes required to parse the output from 
the console. In this case we have the “outputParsing” class responsible to parse the 
output generated by the simulation program and the class “writeToXML” to set the 
inputs before the simulation run. Also the class “ActorStructure” is a new type 
responsible for holding all the inputs and the enumeration named “propertyType” 
refers to the factor labels used in implementation. Figure 4.3 shows the class diagram 
of the corresponding classes. 

 

 

Figure 3.3 – Class diagram for outputParsing and writeToXML classes 

The next data structure used in the application is the class meant to implement the 
sequential bifurcation algorithm. The class named “SB” holds many functions 
described below: 

 Function SB is the constructor of this class and assigns the desired value, the 
total number of runs and the initial seed to run the program. 
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 Function createState is used to create an array of a type used later for updating the 
input XML file from an integer array holding the new values for all factors. 

 Function newInputs gets an index and creates an integer array that is divided in 
two sections in which the left side of the index holds high values and the right 
side of the index holds low values or vice versa; the direction attribute defines 
how to arrange the low and high values (it is used to either generate inputs for 
the application to result in y(i)or y-(i)). 

 Function analyzeOutput; the simulation program generates output elements 
corresponding to each of the input attributes in a text based format. Since we 
have 153 factors as input, we would also have 153 outputs. Therefore to 
generate an understandable output for the program to deal with, this function 
adds up the absolute distance between the generated outputs and the desired 
ones then finally it subtracts this value from 459 (this is the highest value 
achieved if all 153 factors of the simulation model result in 3); so the closer the 
output values are to the desired values, the higher we will obtain the total 
output. This function would be covered in detail in the implementation section. 

 Function storeResults is used to update the XML file containing the inputs to the 
simulation program. 

 Function ApplicationRun is used to call the simulation program. 

 Function insertInTree; this function adds a new node containing a new output to 
a tree corresponding to the sequential bifurcation’s previous runs. In the next 
section this function will be covered in detail. 

 Function traverseInOrder; this function gets the root node of the tree and 
traverses the tree on in-order basis. The purpose of this function is to prepare a 
list of nodes containing outputs of the previous runs to select the next candidate 
to be bifurcated for the next step. This function would also be described in the 
next section. 

 Function findMaxDifference; this function is used to find the next index to be 
bifurcated for the next step. The purpose of this function would be further 
described in the next section. 

 Function run is used to run the procedure. 

 Functions addMyEventListener, removeMyEventListner, triggerEvent, 
addImportantFactorsListener, removeImportantFactorsListener are all used to update the 
graphical user interface. 

Figure 3.4 shows the class diagram of the SB class. 
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Figure 3.4 – Class diagram and the dependencies for the SB class 
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3.4 Implementation 

As pointed before, the simulation program works in such a way that these data 
values are stored in an XML file (named FOI_plan.xml) together with many other 
attributes constituting the initial configuration of the simulation program. The 
desired value for each factor is also given in this file. Figure 3.5 shows a sample data 
input in the XML file. 

 

 

Figure 3.5 – Sample configuration file 

 

After initializing the input data we run the simulation program which will then parse 
this XML file and runs; after that it generates outputs of the elements corresponding 
to each of the attributes in a text based console. Figure 3.6 shows a sample output of 
a simulation run. As we can see in the figure, each of the actors consists of 17 state 
attributes having values ranged between 0 to 3. 
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Figure 3.6 – Sample output of a simulation run 

 

Our program proceeds in the following steps; first it generates the input data vector 
according to the sequential bifurcation procedure, then it overwrites the input XML 
file with the provided data and runs the simulation program. After that it parses the 
output from the console and calculates the output. When the output is generated, it 
will then decide with of the subgroups contain the most important factors so to 
further bifurcate. As an exceptional case, the application will first calculate y(0) and 
y(128) and y(153); this is because we are diving the initial vector in to two subgroups one 
having the size of the largest possible power of two (here 128 items) and the next 
subgroup consisting the rest. 

As mentioned before, in the input configuration file we also have a desired value for 
each of the specified attributes which denotes the desirable value that each attribute 
should reach. In order to calculate the output of a simulation run, we calculate the 
absolute distance of the obtained output to the corresponding desired value for each 
of the attributes and sum all the calculated results. In this case the closer the output 
is to the desired value, the smaller the sum would be. So in order to converse the 
sum we subtract this value from the highest possible distance for all attributes. In 
this case if we consider 153 factors and 3 as the highest possible distance; then we 
subtract the resulting value from (153×3). The function analyzeOutput is used to 
generate this result. After obtaining y(0) and y(128) and y(153) we have to see which of 
them contains the maximum factor effects and has the group with important factors. 
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In this case we shall have to calculate y(153)- y(128) and y(128)- y(0) and find the maximum 
value between them so to bifurcate the subgroup. For the complete list of bifurcated 
subgroups and finding the maximum factor effects between them; we implemented 
the function named findMaxDifference which calculates all y(i) and y(j) differences of 
each consecutive outputs in the list and finds the maximum between them. 

To keep the data, we form a binary tree by using index of i where each node holds y(i) 
for values i=1, 2, ..., K. So once we have selected the subgroup to bifurcate, we add 
y(i) to the binary tree. In order to insert in to the binary tree with index i, we 
implemented the function named insertInTree. The function moves down the tree by a 
recursive approach from the root and adds the new node at the proper place. 

So far we have a tree in which nodes contain values for y(i); to provide a list of all 
available nodes in the tree, we have to traverse the tree. To do so, we implement a 
function named traverseInOrder that works the following way. It creates a stack, 
pushes the root node into the stack and moves the pointer to the left child of the 
current node (in this case the root node) and repeatedly moves down until it reaches 
to the last left child. Then it pops the node and adds it to the output array and then it 
traverses the right child of the current node. Figure 3.7 shows a sample tree structure 
containing 3 nodes. 

 

 

Figure 3.7 – A sample tree containing three nodes 

 

In addition to running the simple form of the sequential bifurcation, we also 
implemented SB’s design for interactions. In this case we had to calculate y-(i) and y(i) 
and save the value y(i)- y-(i) for the selected outputs. 

To summarize, this section introduces an approach to design and implement the 
sequential bifurcation algorithm. First it explains the data structures along with their 
attributes and operations used for this purpose, and then the implementation section 
describes the functions in detail.  
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4. Experimental Results 

 

This chapter covers the approach which was applied for sourcing the data, running 
the sequential bifurcation algorithm to calculate the effects and to extract the 
important factors. 

When running the program we specify the number of the first k important factors to 
be extracted along with the initial seed used to source the random variables in the 
simulation program in order to generate a new result as in the stochastic mode. 
During the program run, the sequential bifurcation algorithm branches according to 
the highest effects in each sub domain and then goes further down until it reaches to 
an individual factor. As in our case once the factor is extracted as important it will 
then be ignored in the next step while extracting the next factor. 

 

4.1 Interpreting the results 

After extracting the factors, there are two approaches to analyze and interpret the 
results; one is to extract each factor individually and another approach is to weight 
the factors based on their importance. In the section below we will describe each of 
the approaches. 

 

4.1.1 Extracting factors individually 

 

Extracting each factor individually over all sample runs and treating them separately. 
In this approach we first calculated factors with their corresponding importance 
sorted from importance level 1 to k upon each of the runs individually. Say if we had 
n simulation runs we then had n set of factors with importance 1…k. Then we 
counted the number of occurrences for each factor individually over the whole batch 
of outputs using a histogram. In this case we plotted the histogram corresponding to 
a level of importance to show the frequency of the occurrence of each of them. 
After which, we sorted the most occurred as the true important factors. For instance, 
after sorting the factor with the importance level 1 over the whole domain, we 
plotted the histogram and sorted the most frequent ones with the importance level 1. 
So we concluded that the most occurred one could mean the most important factor 
at the level 1. 

In our project we ran the simulation in two batches one around 200 times and the 
second one around 500 times then extracted the first 5 important factors in each run, 
i.e. k was set to 5. Figure 4.1 shows the histogram for the factors with the 
importance level 1 together with the top 10 highly frequent factor numbers and their 
corresponding names for the case of the project. Figure 4.2 to 4.5 shows the same 
type of histograms but corresponding to the factors with the importance level 2 to 
level 5. 
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Table 4.1 – Histogram and the factor names with importance level 1 

 

Batch #1 

 

Factor 
number 

Frequency Name 

65 10 Group feeling / actor 4 

67 10 Goalorientation/Actor
4 

63 9 Dissatisfaction/Actor4 

114 9 Dissatisfaction/Actor7 

55 8 Sympathizers/Actor4 

35 7 Weaponpower/Actor3 

53 7 Livingconditions/Actor
4 

57 7 Stability/Actor4 

59 7 Infrastructure/Actor4 

97 7 Dissatisfaction/Actor6 
 

 

Batch #2 

 

Factor 
number 

Frequency Name 

67 29 Goalorientation/Actor
4 

63 26 Dissatisfaction/Actor4 

57 22 Stability/Actor4 

114 22 Dissatisfaction/Actor7 

65 20 Groupfeeling/Actor4 

55 17 Sympathizers/Actor4 

29 16 Dissatisfaction/Actor2 

59 15 Infrastructure/Actor4 

35 14 Weaponpower/Actor3 

97 14 Dissatisfaction/Actor6 
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Table 4.2–Histogram and the factor names with importance level 2 

Batch #1 

 

Factor 
number 

Frequency Name 

97 11 Dissatisfaction/Actor6 

114 11 Dissatisfaction/Actor7 

5 8 Economy/Actor1 

39 8 Economy/Actor3 

25 7 Infrastructure/Actor2 

81 7 Relationship/Actor5 

11 6 Reputation/Actor1 

67 6 Goalorientation/Actor
4 

80 6 Dissatisfaction/Actor5 

131 6 Dissatisfaction/Actor8 
 

 

Batch #2 

 

Factor 
number 

Frequency Name 

97 23 Dissatisfaction/Actor6 

114 23 Dissatisfaction/Actor7 

25 21 Infrastructure/Actor2 

131 21 Dissatisfaction/Actor8 

81 18 Relationship/Actor5 

41 17 Geographicaldominanc
e/Actor3 

45 17 Reputation/Actor3 

5 16 Economy/Actor1 

55 16 Sympathizers/Actor4 

49 15 Idelogicalconviction/A
ctor3 
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Table 4.3 – Histogram and the factor names with importance level 3 

Batch #1 

 

Factor 
number 

Frequency Name 

131 14 Dissatisfaction/Actor8 

97 9 Dissatisfaction/Actor6 

114 8 Dissatisfaction/Actor7 

5 7 Economy/Actor1 

80 7 Dissatisfaction/Actor5 

81 6 Relationship/Actor5 

23 5 Stability/Actor2 

39 5 Economy/Actor3 

46 5 Dissatisfaction/Actor3 

48 5 Groupfeeling/Actor3 
 

 

Batch #2 

 

Factor 
number 

Frequency Name 

131 27 Dissatisfaction/Actor8 

80 26 Dissatisfaction/Actor5 

114 25 Dissatisfaction/Actor7 

97 20 Dissatisfaction/Actor6 

81 15 Relationship/Actor5 

31 13 Groupfeeling/Actor2 

5 11 Economy/Actor1 

68 11 Wisdom/Actor4 

23 9 Stability/Actor2 

49 9 Idelogicalconviction/A
ctor3 
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Table 4.4– Histogram and the factor names with importance level 4 

Batch #1 

 

Factor 
number 

Frequency Name 

131 12 Dissatisfaction/Actor8 

97 10 Dissatisfaction/Actor6 

45 7 Reputation/Actor3 

127 7 Infrastructure/Actor8 

80 6 Dissatisfaction/Actor5 

114 6 Dissatisfaction/Actor7 

24 5 Geographicaldominanc
e/Actor2 

68 5 Wisdom/Actor4 

121 5 Livingconditions/Actor
8 

123 5 Sympathizers/Actor8 
 

 

Batch #2 

 

Factor 
number 

Frequency Name 

131 27 Dissatisfaction/Actor8 

97 26 Dissatisfaction/Actor6 

114 16 Dissatisfaction/Actor7 

135 16 Goalorientation/Actor
8 

80 13 Dissatisfaction/Actor5 

133 12 Groupfeeling/Actor8 

45 10 Reputation/Actor3 

59 10 Infrastructure/Actor4 

31 9 Groupfeeling/Actor2 

41 9 Geographicaldominanc
e/Actor3 
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Table 4.5– Histogram and the factor names with importance level 5 

Batch #1 

 

Factor 
number 

Frequency Name 

119 8 Wisdom/Actor7 

34 6 Wisdom/Actor2 

114 6 Dissatisfaction/Actor7 

123 6 Sympathizers/Actor8 

127 6 Infrastructure/Actor8 

135 6 Goalorientation/Actor
8 

40 5 Stability/Actor3 

97 5 Dissatisfaction/Actor6 

121 5 Livingconditions/Actor
8 

125 5 Stability/Actor8 
 

 

Batch #2 

 

Factor 
number 

Frequency Name 

133 20 Groupfeeling/Actor8 

114 18 Dissatisfaction/Actor7 

129 15 Socialnet/Actor8 

135 15 Goalorientation/Actor
8 

80 14 Dissatisfaction/Actor5 

97 14 Dissatisfaction/Actor6 

127 13 Infrastructure/Actor8 

119 12 Wisdom/Actor7 

121 12 Livingconditions/Actor
8 

123 11 Sympathizers/Actor8 
 

 

 

4.1.2 Weighting each factor based on importance 

 

In this approach after extracting the factors with importance level 1…k, we weighed 
each of the factors based on importance and extracted all the K factors from the 
resulting histogram. For this purpose we multiplied the frequency of each factor 
having the importance i with (k-i+1) –the lower the value for ‘i’ the more important it is- 
then summed up the values on each factor and extracted the K important factors 
from the resulting sorted histogram. For instance, the resulted list for factors with 
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importance level 1(table 5.1) are multiplied by 5 (for k equal to 5) and those with the 
importance level of 2 are multiplied by 4 and so on. After that, we summed all factor 
frequencies in all levels and plotted the histogram. For example we can say that for 
factor #97, the frequencies are 7, 11, 9, 10 and 5 as shown in batch #1 of tables 4.1, 
4.2, 4.3, 4.4 and 4.5 respectively. Total weight can be calculated as 7×5 + 11×4 + 
9×3 + 10×2 + 5×1 = 131. Table 4.6 shows the results generated by this approach. 

 

Table 4.6 – Histogram and the factor names using weighted approach (weight equal 
to 5) 

Batch #1 

 

Factor 
number 

Weight Name 

97 131 Dissatisfaction/Actor6 

114 131 Dissatisfaction/Actor7 

131 124 Dissatisfaction/Actor8 

67 90 Goalorientation/Actor
4 

5 85 Economy/Actor1 

81 83 Relationship/Actor5 

39 75 Economy/Actor3 

63 72 Dissatisfaction/Actor4 

65 72 Groupfeeling/Actor4 

80 70 Dissatisfaction/Actor5 
 

 

Batch #2 

 

Factor 
number 

Weight Name 

114 327 Dissatisfaction/Actor7 

131 300 Dissatisfaction/Actor8 

97 288 Dissatisfaction/Actor6 

80 218 Dissatisfaction/Actor5 

67 216 Goalorientation/Actor
4 

63 210 Dissatisfaction/Actor4 

81 200 Relationship/Actor5 

55 181 Sympathizers/Actor4 

5 177 Economy/Actor1 

49 169 Idelogicalconviction/A
ctor3 
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If we consider the weight to be equal for all factors, then we will only need to plot 
the histogram to extract the factors based on their number of occurrences. As an 
example, for factor #97, we have frequencies 7, 11, 9, 10 and 5 as shown in batch #1 
of tables 5.1, 5.2, 5.3, 5.4 and 5.5 respectively; therefore the total weight can be 
calculated as 7×1 + 11×1 + 9×1 + 10×1 + 5×1 = 42. Table 4.7 shows the results by 
weighting the factors with weight equal to one. 

 

Table 4.7–Histogram and the factor names using weighted approach (weight equal 
to 1) 

Batch #1 

 

Factor 
number 

Weight Name 

97 42 Dissatisfaction/Actor6 

131 42 Dissatisfaction/Actor8 

114 40 Dissatisfaction/Actor7 

5 25 Economy/Actor1 

80 24 Dissatisfaction/Actor5 

81 24 Relationship/Actor5 

39 23 Economy/Actor3 

67 23 Goalorientation/Actor
4 

135 20 Goalorientation/Actor
8 

55 19 Sympathizers/Actor4 
 

 

Batch #2 

 

Factor 
number 

Weight Name 

114 104 Dissatisfaction/Actor7 

131 100 Dissatisfaction/Actor8 

97 97 Dissatisfaction/Actor6 

80 76 Dissatisfaction/Actor5 

81 63 Relationship/Actor5 

67 55 Goalorientation/Actor
4 

5 52 Economy/Actor1 

63 51 Dissatisfaction/Actor4 

55 50 Sympathizers/Actor4 

41 49 Geographicaldominanc
e/Actor3 
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4.1.3 Weighted factors (fold-over design) 

 

In this approach, instead of calculating y(i) as in our previous calculations, we 
determine the value of y(i)-y-(i) and run the program as we did previously. The results 
below are obtained by applying this approach (weight is equal to one). The reason 
why we used the fold-over design is to consider the factor interactions. Interaction 
means that the effect of a specific factor depends on the levels of other factors. 
Table 4.8 shows the results by weighting the factors with weight equal to one for the 
fold-over design. 

 

Table 4.8 - Histogram and the factor names using weighted approach for fold-over 
design (weight equal to 1) 

Batch #1 

 

Factor 
number 

Weight Name 

131 40 Dissatisfaction/Actor8 

97 39 Dissatisfaction/Actor6 

67 31 Goalorientation/Actor
4 

81 27 Relationship/Actor5 

5 23 Economy/Actor1 

80 23 Dissatisfaction/Actor5 

29 20 Dissatisfaction/Actor2 

55 20 Sympathizers/Actor4 

65 20 Groupfeeling/Actor4 

114 19 Dissatisfaction/Actor7 
 

 

Batch #2 

 

Factor 
number 

Weight Name 

97 108 Dissatisfaction/Actor6 

114 102 Dissatisfaction/Actor7 

131 93 Dissatisfaction/Actor8 

67 71 Goalorientation/Actor
4 

81 66 Relationship/Actor5 

5 52 Economy/Actor1 

41 50 Geographicaldominanc
e/Actor3 

63 48 Dissatisfaction/Actor4 

80 47 Dissatisfaction/Actor5 

45 47 Reputation/Actor3 
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4.2 Performance measures 

In this section we calculate the average number of simulation runs and compared the 
results with the approximation given by Bettonvil and Kleijinen for running the 
sequential bifurcation procedure that was also given in the background chapter [3]: 

 

        [    (    )]  (4-1) 

 

Maxn is the maximum number of observations for a multi stage group screening if 
the number of important factors is a power of two; otherwise this formula gives an 
approximation. 

So in our project by setting k equal to 10 and K equal to 153, we have: 

 

         [    (  
   

  
)]       

 

As for the case of our project, we have obtained 43 which can be inferred valid 
according to the maximum number of runs, since 43 is less than 50.3. 
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5. Conclusion 

 

This chapter provides a brief summary of the whole project and outlines the 
obtained results, conclusions and the tasks that have been covered in this project. 
Moreover it presents some ideas for future work on the topic of this thesis. 

5.1 Summary 

In this section we summarize what we have done in each chapter in the following 
list: 

 Studying the steps involved in a simulation study: In the background 
chapter, we provided a brief overview of simulation models and we explained 
steps involved in a simulation study namely problem formulation, setting of 
objective and overall project plan, model conceptualization, data collection, 
model translation, verification, validation, experimental design, production runs 
and analysis, implementation and documentation. 

 Comparing different screening methods: In the background chapter we also 
provided a brief overview of different screening methods such as the one-at-a-
time method, the Plackett-Bruman method, Factorial designs, Trocine screening 
procedures, two stage group screenings, Sequential Bifurcation and Controlled 
Sequential Bifurcation. 

 Some applications of Sequential bifurcation: In this section, two projects 
that used sequential bifurcation as an effective and efficient screening method 
were pointed out. 

 Problem specification: In this chapter, a description of the simulation under 
study was given and the problem was elaborated. 

 Design and Implementation: In this chapter the design approach was 
mentioned and the implementation towards the sequential bifurcation algorithm 
was outlined. 

 Experimental results: Within this chapter, the obtained results upon applying 
the screening method were provided. 

 

So in the end we solved the problem of obtaining a list of important factors of the 
given simulation model. 
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5.2 Future Work 

The next step can be using the controlled sequential bifurcation upon the same 
simulation model in order to verify and validate the results obtained from using the 
classic sequential bifurcation algorithm. Also it can be used to evaluate the running 
performance of the implemented algorithm.  
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