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Treatment of simulation results, a short primer 

 
Computer scientists and engineers often run simulation studies of systems for 

a number of reasons. It can be difficult to get hold of the equipment to run actual 
experiments or the modelling of the investigated system may be very difficult. 
Simulations are also useful in order to get a quick understanding of some behaviour as 
a first step before a deeper analysis is carried out. 

In this course you will build simulators and investigate different systems. 
There will be three main parts to these exercises, the actual programming of the 
simulator, a verification that the simulator works as expected and the actual 
simulation studies. This document concerns the last step, the actual simulation studies. 

 
Properties of simulation studies 
Whenever one performs simulations there are uncertainties involved in 

interpreting the results. The simulator may incorporate simplifications of the studied 
system and there may be statistical uncertainties stemming from the nature of the 
study. Simplifications are inherently difficult to deal with unless (in special cases) 
they are of a plain and predictable nature. As an example, consider studying a wireless 
network in a simulator. It is very common that the physical layer is greatly simplified 
when such studies are made since the radio propagation models themselves are very 
complex and difficult to implement. Therefore, quite commonly the radio propagation 
is modelled as simple free space propagation or similar. If one makes a simulation 
study of say network performance using such a model and then blindly port the results 
to a complex outdoors environment including moving traffic, foliage and nodes 
hidden around corners, the results will be VERY different. The simulator has not done 
anything wrong in this case, it is the experimental set-up that has failed. It is 
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imperative that such considerations are done before starting simulation studies so that 
the validity of the results can be estimated. 

In this course we are looking at simulation studies of network traffic. Such 
traffic is of a stochastic nature and there is therefore always a random component in 
all tries. A fundamental aspect of simulations of such systems is an understanding of 
the accuracy of the simulation results and how conclusions can be drawn. In such 
scenarios we can think of the outcome of the simulation as a random variable. For 
example, consider for example an experiment of throwing a dice. The dice has 6 sides 
with the values {1,2,3,4,5,6}. If the dice is perfect the probability of each side facing 
upwards is the same, 1/6, lets run an experiment determining the average number of 
dots facing upwards. If we let X denote the random variable which can take values in 
the space {1,2,…,6}, then the Expectation or Average of X is defined as  
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If we would just throw the dice and record the outcomes we would then use 
the sum of the outcomes / number of tries to get the average value from our 
experiment. Lets assume we run 1 try. Since there is no side with 3.5 dots we can 
never get the correct answer with a single try. If we would run 2 tries the outcome can 
be anything between (1+1) and (6+6) /2, that is an average of 1-6. Obviously we need 
to do more tries to get statistical significance and correctness of our results. Try this 
for yourself; roll the dice 5, 10, 20, 40 times and calculate the average, the result 
should go towards 3.5. 

The previous example illustrated the need to do an appropriate number of tries 
for the selected experiment. The question is “what is appropriate?” In the next section 
we will present methodology for determining just that.  

One more important consideration when simulating systems is the “warm-up 
time”. When a system is boot strapped it may take some time before the behaviour has 
converged to a steady state. Sometimes the bootstrapping process itself is what is 
being investigated but more commonly the steady state is of interest. It is important 
that sampling of results is done during the correct intervals during the simulation 
study to avoid skew or anomalous results. 

 

Confidence Level and Intervals 
There are methods of estimating the reliability of the sampled results or the 

“confidence” in the results. Below we will give an example of how this can be done. 
There are two main values commonly used to express the confidence of the 

accuracy of results. Confidence level signifies the relative frequency of outcomes 
being within a range. Confidence intervals signify the range the outcomes will fall 
within. What does this mean? Well, consider an exit poll at a federal election. When 
asked, people told what party they voted on. Assume 35% of people answered that 
they voted for party A. Usually along with the poll there will be a statement that “the 
poll is accurate to within 2 points, 95% of the time”. What this means is that 35+/- 2 is 
a 95% confidence interval for the true but unknown percentage of people who will 
vote for party and you have a confidence interval of 5%, then you are certain that 30-
40% of the voters voted for party A. The confidence level indicates “how certain” you 
can be in the results. For example, a confidence level of 95% indicates that 95% of the 
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respondents gave an answer within the confidence interval. The level of confidence to 
use can be set to just about anything of course, but there are some values that are often 
used. From many research papers in the natural sciences one will find that a 
confidence of 95% is regarded as “acceptable” confidence. In other words, don’t 
publish a paper with a lower confidence because your results are not reliable enough. 
Two other very commonly used levels are the 99% and the 99.9% confidences. 

One of the most important continuous distributions is called the Normal or 
Gaussian distribution.  There are two important results which explain the importance 
and ubiquitousness of the Normal distribution. But first it is useful to know about how 
probabilities are calculated using the Normal distribution. The Normal distribution has 
two parameters, the mean µ  and the standard deviation ! .  If X is a Normal random 
variable then the P(X < w) is given by  
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The above integral is rarely solved “by hand”. In earlier times the results were 

precomputed and presented in a table. These days they are computed with the help of 
a statistical package (they are even available through Excel). The above integral can 
be calculated to give specific probabilities associated with the random variable X. 
Lets assume that µ  =0 and ! =1. Then some it is conventional to refer to the random 
variable as Z. Here are some examples of using the formula for the Normal 
distribution. 
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Sometimes it is more important to determine the value of w which will give 
specific probabilities. For example, an often used probability is 0.95 and we are 
interested in P(|Z| < w) = 0.95. It turns out that w = 1.96. Similarly, P(|Z| < w) = 0.99 
for w = 2.98. These results play an important role in the computation of the 
confidence intervals since the levels 95%, 99% and 99.9% correspond to the 
following intervals: 
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Confidence Level Interval 

95% 1.96σ 

99% 2.58σ 

99.9% 3.29σ 

 
 

Now, the two most important results related to the Normal distribution are 
 

1. If  X is the mean of a random sample of size n from a Normal 
distribution with mean µ  and standard deviation ! then the 
sampling distribution of X is a Normal distribution with mean µ  

and standard deviation 
n

!  

2. If  
n
XXX ,,,

21
K constitute a random sample from an infinite 

population with mean µ , and standard deviation ! , then the 

limiting distribution of 
n

X
Z

/!

µ"
= as n  ! is a Normal 

distribution with mean 0 and standard deviation 1. This result is 
known as the Central Limit Theorem (CLT). 

 
 

 
In order to be able to estimate the confidence intervals we need to know 

something about the nature of the distribution of the outcomes. In very many cases the 
samples of measurements etc. will follow a normal distribution, also called Gaussian 
distribution. This distribution is very important in probability theory. The “Central 
Limit Theorem” states that if a sum of variables (samples) has a finite variance, then it 
will be approximately normal distributed. In probability theory, this is of course 
extended and many other types of distributions exist (even though there are methods 
of projecting such distributions onto a normal distribution) but for our purposes we 
assume the central limit theorem to be valid for our work. 

In order to use the information above, we need to define three more variables. 
The first variable is the mean value of a sample set. This value is defined as the quota 
of the sum of the samples and the number of samples: 

The second variable is the sample variance, which is a measurement of the 
spread of the sampled values. If the sampled values are very similar the variance is 
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low and if they are very different the variance is high. In order to obtain this value one 
uses both the individual samples and the calculated mean value as: 

 

The third variable is the standard deviation. This value is derived straight from 
the variance and is often used since it is easier to relate to the samples than the 
variance. Since the variance effectively square the dimension of the samples it is 
somewhat difficult to relate to the actual measurements. For example, if the samples 
are in K, the variance will have the dimension K2. The standard deviation has a square 
root relationship with the variance, which makes the units directly comparable. The 
standard deviation is defined as: 

σ  = 

 
Putting this all together we say that with a confidence level of 95% the true 

mean lies within the range: 
 

 
 

 

Example usage 
In the following example we assume that we are running a simulation 

experiment and we have reached the steady state of the system. 
We are measuring the delay of packets through a routing queue and recording 

the arrival time and the departure time from the queue and from these calculating the 
queuing time. We store each time and we want to stop the simulation at the point 
where we are within 1 ms of the average queuing delay. 

In order to find the true (expected) average we first calculate the average value 
from the collected data set. We then calculate the variance and from it the standard 
deviation. As we have a converging system we will find that the standard deviation 
will go down as the number of samples increase.  

We continue sampling until the confidence interval reaches the expected 
average plus minus  ms.  
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