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Abstract

From the multiple application areas for simulation, queueing has been a particular type of problem
where simulation has been proven to be extremely convenient and effective. This document aims to give
a better insight on the simulation process.

Using a simple queueing system with stochastic inputs as a simulation model able to design and an-
alyze systems that follow the behavior of real-life queueing problems. Simulated systems can be used to
describe complex systems which cannot be accurately described by analytically evaluated mathematical
models.

Metamodels denote mathematical approximations that mimic this type of behavior. Its usage may
bring several benefits, especially to post-simulation analysis. This report explains the work necessary to
specify a fitting metamodel for systems that may accurately represent and replace the queueing behavior,
as well as delineate the required architecture and methodology to develop this approach.

This work focus not only on the development of modeled systems that use metamodels as a replace-
ment for queueing behavior, but also on the validation and comparison of various different metamodels,
from polynomial to probability distribution, as well as attempt to reach conclusions regarding the use of
metamodels under stochastic simulation, while showcasing experiments on increasingly more complex
systems and comparing results from each iteration of this process.
Keywords: Stochastic simulation; Simulation model; Metamodeling; Queue metamodeling

1. Introduction
Real-systems optimization and analysis can be-
come extremely expensive in real-life scenarios.
Like so, simulated models can be used to gain in-
formation about the system behavior for a better
cost-efficiency. The present work focuses on the
metamodeling technique which can give a good
perception of the system with significant efficiency
improvements through the replacement of those
models.

Simulation, in its technical sense, requires pro-
ducing results using a model, rather than the ac-
tual system, system which may not even exist by
the time of the simulation, to gain information about
how the system behaves or should behave. Appli-
cation areas for this field of study are extremely
diverse, from manufacturing to military systems,
transportation systems such as airports or sub-
ways, mining operations, business processes eval-
uation and others. [9]

The behavior of a system as it evolves over time
is studied by developing a simulation model, usu-
ally taking the form of a set of assumptions con-
cerning the operation of the system. [7] As mod-
els try to represent and analyze increasingly more
complex systems, the present work resorts to a

way of representing inherently unpredictable com-
ponents and entities of a system that considers
the randomness and interdependence behavior of
real-life environments. While in a deterministic
system we can predict the following and last be-
havior of each variable from the initial state, in a
stochastic system, the state of a variable cannot
be determined from prior states or values it has
taken. Like so, stochastic simulation requires a
source of randomness, which despite sometimes
taken for granted, cannot be achieved by most of
the widespread computational mechanisms. This
generation is common in other areas like cryptog-
raphy, where numerical algorithms take random
sequences of numbers to use, many times from
shorter initial values. [12]

The aim of investigation in this field is to ob-
serve and optimize the main performance mea-
sures of the system, quantifiable indicators which
follow probabilistic properties and give an objective
sense on how the system is operating, for exam-
ple the average number of customers in the sys-
tem simultaneously or the average time a customer
spends in the queue, by building representative
simulated systems that follow its key characteris-
tics behavior. Although real-life performance ex-

1



periments can become costly, modeling such sys-
tems allows for a good understanding of such sys-
tems for a smaller cost. This technique, however,
has its limitations. Queueing systems cannot be
fully represented by simulated models given that
the latter don’t have highly scalable structures, es-
pecially concerning the cost adjacent to computa-
tion time and memory size. Furthermore, meta-
modeling can be used to counter such limitations
by replacing the simulated queueing systems given
its computationally inexpensive input/output rela-
tion in a way that allows for a better understanding
on the queue behavior under variable changes of
stressed systems through the use of metamodels,
built with data resultant from stochastic simulations
and used to replace the simulated systems.

2. Methodology

The usage of simulated systems has its own ad-
vantages and disadvantages. Simulated systems
can be used to describe complex, real-world sys-
tems which cannot be accurately described by an-
alytically evaluated mathematical models. Further-
more, it allows the study of a system during long
time frames for a less costly approach. [13] On
the other hand, these systems offer only estimates
of a model’s characteristic for a specific set of in-
put parameters, resulting in a necessity to spec-
ify alternative designs for the model, and where
the input models may fail to adequately represent
the real system input data. However, as the input
processes are random, so is the output data and
simulation runs only give estimates of performance
measures, with often large variances. [1]

Like so, appropriate techniques must be used
to and analyze the results obtained from simula-
tion models, depending on the type of simulation
at hand, those being either terminating or nonter-
minating, and its run length.

In terminating simulations, the initial conditions
generally affect the measure of performance. Suit-
able statistical analysis methods for this type of
simulation would be sample variance or confidence
intervals where we wish to analyze the entire sim-
ulation run. While in non-terminating simulations,
it is most fitting to use methods like Batch-Means,
where the simulation output is divided into consec-
utive, non-overlapping batches with arbitrary sizes,
which are later compared to assure that they’re
scarcely correlated, or Independent replications,
where the simulation is run several more times
with different sequences of pseudo-random num-
bers generating samples that are independent and
identically distributed.[6] and [10]

Another aspect related to non-terminating sim-
ulation concerns the initialization bias. This point
estimator is caused by unrealistic initial conditions

Figure 1: Representation of a M/M/1 queueing system

in a steady-state simulation and is considered not
to be representative of this distribution.

Given that the initialization bias occurs in non-
terminating simulation and these initial values do
not represent the system behavior at a steady-
state, they should not be considered for further sta-
tistical analysis. In order to control the bias, the
simulation run must be long enough such that the
initial condition effects do not impact the results.
Furthermore, some initial observations might be
deleted from the gathered results with resource to
procedures like Welch’s Method. [14]

Stochastic processes for most real systems don’t
have steady-state distributions since their key char-
acteristics generally change over time. Simulation
models, on the other hand, often have steady-state
distributions since their inherent characteristics are
assumed to not change over time.

While models represent dynamic probabilistic
systems with complex behaviors, metamodels de-
note mathematical approximations that mimic said
behaviors. Its usage may bring several bene-
fits, especially to post-simulation analysis like [6]
: model simplification, enhanced optimization and
interpretation of the model, better understanding
of the system’s behavior, generalization to other
similar models, etc. The efficiency of these tech-
niques relies on their ability to provide statistically-
equivalent analytical representations based on rel-
atively few evaluations of the original model. [15]

A metamodel is a function that takes some sim-
ulation model parameters as inputs and gener-
ally has an explicit form, deterministic output and
computationally inexpensive evaluation once fitted,
which, consequently, allows the use of metamodels
in simulation to have a better understanding of the
system regarding performance and enable exten-
sive hypotheses testing of said system at a lower
computational cost. [4]

An M/M/1 queueing system represents a single
server, non-trivial but rather simple queue where
arrivals happen according to a Poisson process
with parameter λ and mean service times assumed
to be exponentially distributed with parameter µ,
see fig. 1.

At any moment, we can obtain the traffic rate
from the system through the ratio between the

2



mean arrival and service rates,

ρ =
λ

µ

This ratio indicates the traffic load of the server.
For a stable system, the average service rate
should always be higher than the average arrival
rate. Otherwise, the number of customers in the
system would increase indefinitely.

Given the system at hands, one measure that
could accurately evaluate its performance would be
the average time in the system, describing the time
between arrival and departure of a generic client,
where lower average time values represent better
performance of the system while other measures
may include variance and maximums of variables.

In order to validate the model representation,
one must compare both model and system perfor-
mance measures, while reviewing results for cor-
rectness towards determining what model factors
have a significant impact on performance mea-
sures.

From the analysis of model outputs and compar-
isons with the theoretical references, there should
result a model that shows accurate results and
stays aligned with the behavior of real life queues.
This model shall be used as a starting point on the
metamodeling process.

In relation to the validation of the metamodel
form, it is necessary to review the retrieved sim-
ulated system data and verify if it shows a correct
behavior comparative to the queueing and service
behavior of a real life system, while applying statis-
tical tests to check how well it fits the system under
study.

Furthermore, metrics like cross-validation may
be particularly helpful for the work at hands, given
the datasets that will be obtained from the simula-
tion runs of the model in development. Additionally,
the metamodel may also be validated from data
of more complex M/M/s systems, widely studied
systems with a well-described theoretical behav-
ior, that allow for generalization on the use of these
metamodel forms.

In order to build a capable simulated system, it
can be found important to select an adequate simu-
lation software that can accomplish tasks like: gen-
erating random numbers from a probability distri-
bution; advancing simulated time; collecting and
reporting output statistics as results. Simulation
packages automatically provide features neces-
sary to build a simulation model, resulting in a
significant decrease of time necessary to builds
these models compared to general-purpose pro-
gramming languages, while also providing intuitive
and easily-changed interfaces as well as automatic
error detection.

Figure 2: Diagram for a more complex queueing system, with
several probability queues (pg.28 of reference [2])

AweSim is a simulation system capable of
achieving the same tasks as the previous software
packages with integrating and communication ca-
pabilities with external applications [8]. An AweSim
project consists of some scenarios, representing a
particular system alternative. These scenarios are
comprised of components created by builders and
containing procedures which follow the standard
Windows and Visual Basic interfaces’ guidelines,
consequently allowing the use of programs built on
those packages or C/C++ to be easily added as
system components for AweSim [11].

The AweSim simulation system allows integra-
tion with events programmed in high-level lan-
guages, in contrast with the previous two soft-
ware packages and should, consequently, display
a strong foundation for the model to be developed.

The present work aims to develop a queueing
system using an AweSim simulator and proce-
dures written in high-level languages like C, to act
as a basis for further improvements and tests. This
system shall be used to gather data concerning
queue behavior to specify a metamodel, which will
be selected given its goodness of fit for the gath-
ered datasets. The specified metamodel shall re-
place the queueing behavior and allow simulation
with stochastic inputs. To achieve so, the previ-
ously developed model should be used to gather
input/output values on the system queueing and
global times as well as help estimate parameters
of the specified metamodel. Furthermore, the lat-
ter should be tested for how well it fits the model
data with resource to statistical tests that have both
the simulated inputs and the M/M/1 queueing the-
ory as reference.

The initial model shall require only a single
server queue under Awesim service nodes in a
way that allows to retrieve information on any of
the clients that run across the system, and later
on, use the knowledge from modeling this starting
point to create a model that allows for generaliza-
tion and testing of the metamodel forms. One of
these more complex system may be similar to dia-
gram of fig, 2.

The present work will also showcase and com-
pare several different metamodels, in order to
develop experiments that allow the evaluation of
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its goals as well as reach conclusion concerning
the covered subject. The data analysis on the
model, metamodel and system outputs should be
achieved with resource to automatic procedures in
mathematical languages like Matlab or Octave. For
each of the system runs, there will be fifty thou-
sands clients and different values of µ, ρ. The
queue time results from these clients will be split
into batches of two hundred and fifty, in order to
normalize the results. The removal of bias will fol-
low the procedure and results from reference [3].

From an earlier stage conclusion, the present
work will attempt to generalize the information
gathered with resource to more complex queue-
ing systems, as well as finding similarities between
each of the specified metamodels.

3. Implementation

Given the theoretical references of a MM1 system,
it was found best suited to start the development of
a metamodel by implementing the theoretical ex-
pressions as replacement for the present queue-
ing behavior. This approach was found rather use-
ful specially for the future validation of the meta-
model, in the way it represents the most accurate
results for reference of future implementations of
this process. This was seen as a starting point to
mimic the desired behavior and it made possible
to replace the queueing time by assigning the time
expression as a delay for each of the system enti-
ties. This was seen as a starting point to mimic the
desired behavior.

Taking this idea as a starting point, it was neces-
sary to represent the different queueing times from
each system entity. The preferred approach was to
choose a distribution that better matched the refer-
ence value from an initial metamodel. In the follow-
ing section, it can be found how each of the distri-
bution were implemented in the system, as well as
several data comparisons between all of the differ-
ent distributions with the goal of choosing one that
could accurately describe this behavior.

The biggest challenge that was attempted to
solve was the way the system measured time spent
inside the queue, allowing a better comparison to
the metamodel we wished to implement, in order
to replace the queueing behavior. In this case, the
solution lied on measuring the time before enter-
ing the queue and exiting the system as well as
deducting the time in which a system entity is out
of the queue and being served. To accomplish
such solution, it was found best suited to create
an assignment for the service time in a way that
an entity would, after leaving the queueing sys-
tem, have each of the above parameters: time
when entered the queue (Tinit), time taken to be
served (Tservice) and time when leaving the queue

(Tend). With these timestamps in mind, it was pos-
sible to define measure that allowed an compari-
son with MM1 systems and, in the future, with the
metamodel itself. In detail, those measure were:
time in system, where

Tsys = Tend− Tinit

and time spent inside the queue, where

Tqueue = Tsys− Tservice

This decision allowed to create a comparison for
future behavior of the metamodel as well as retriev-
ing data for parameter estimation.

For the future validation of the metamodel it is
necessary to review the retrieved simulated sys-
tem data and verify if it shows a correct behavior
comparative to the queueing and service behavior
of a real life system, while applying statistical tests
to check how well it fits the system under study.
It is also important to note that each of the meta-
models considered were developed with resource
to data gathered from a simulated model and con-
secutively validated under theoretical references.

The latter model iteration used a assignment
node to create a queueing delay and a event node
to verify the client values before introducing said
delay. These values were later used in the second
event node to compute the final queue and system
times.

The first iteration of metamodel was able to re-
place the queueing time by assigning the time ex-
pression as a delay for each of the system entities
and was seen as a starting point to mimic the de-
sired behavior.

However, this initial metamodel considered the
theoretical references but using average values
was not seen as a viable solution, therefore it was
necessary to find a solution that could meet the
queueing behavior of previous models. it was nec-
essary to represent the different queueing times
from each system entity.

Probability distribution can be seen as a descrip-
tion of a random phenomenon in terms of the prob-
abilities of certain events. In this case, a distribu-
tion that accurately represented the time a client
spends in a queue could be a fitting metamodel for
the project at hands. The preferred approach was
to choose a distribution that better matched the ref-
erence value from our initial metamodel.

In this work, it can be found how each of the dis-
tribution were implemented in the system, as well
as several data comparisons between all of the dif-
ferent distributions with the goal of choosing one
that could accurately describe this behavior. It also
covers the usage of several different distributions
in order to analyze and compare results obtained
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from each of the metamodels. Further subsections
include the metamodel developed for each of the
distributions and results from each of those meta-
models.

Different distributions were considered as a pos-
sible metamodel for the queueing system: A nor-
mal distribution is a very common continuous prob-
ability distribution and was used as a starting refer-
ence. This distribution is motivated by the Central
Limit Theorem, which states that averages calcu-
lated from independent, identically distributed ran-
dom variables have approximately normal distribu-
tions, regardless of the type of distribution from
which the variables are sampled, provided it has
finite variance. In order to accurately describe the
queueing behavior of a client, this distribution was
given the average simulated queue time as its me-
dian, however, it was important to assure that the
time in the queue was always greater than zero to
mimic the expected behavior of a real queue, this
was achieved by creating a maximum delay be-
tween the distribution value and zero, assuring the
positiveness of time values with two event nodes
following each of the assignments to accurately
calculate it’s delay;

The exponential distribution is one of the widely
used continuous distributions. It is often used to
model the time elapsed between events. This dis-
tribution is memoryless in the sense that the ad-
ditional time spent waiting for the next customer
does not depend on how much time has already
elapsed since the last customer, for example, if
a costumer waited awhile without success for the
next event, the mean waiting time remaining until
the next event is no shorter than it was upon start.
As exponential distributions were already an inte-
gral part of MM1 queues, they were seen as ex-
pectable fits for the desired metamodel behavior;

The beta distribution is a family of continuous
probability distributions defined on the interval [0,
1] with two positive shape parameters, denoted by
α and β, that appear as exponents of the random
variable and control the shape of the distribution.
[5] The specification approach involved taking sev-
eral runs from the simulation model and use mat-
lab library functions to compute parameters that fit
each of the runs. The parameters given to the dis-
tribution metamodel were the average of the com-
puted parameters for each of the simulation runs
with specific ρ and µ values.

This approach, was replaced later on. The sec-
ond approach taken into consideration was com-
puting a result run from the input runs were the
time in queue for the nth client was the average
time of a nth client from all of the runs.

In order to reach a satisfying conclusion in re-
spect to the use of metamodels as a replacement

for the queueing behavior, it was seen as neces-
sary to experiment using a complex model with dif-
ferent and more constraints.

The model that was used was composed by five
different queues, each with different queueing or-
ders, behaviors and limitations. The direction a
client takes inside the system is rules by a goon
node which distributes each of the clients by prob-
ability activities. Furthermore, the arrival of a client
to a specific queue may be dependent from attend-
ing other queues.

In order to manage using the system for data
gathering, it was necessary that this model took
into account the queueing time from each of the
system queues as well as the system as a whole
for verification reasons. This would allow for a
better notion of the individual queueing behavior
and, consequently, create a sturdier foundation for
metamodel development.

4. Evaluation
All of the experiments followed the same simula-
tion procedure. Each ρ , µ combination was sub-
mitted to the same number of independent simu-
lation runs where each run comprehended 50000
system entities. They were later computed equally
with 200 batches of 250 units. The chosen model
produced results extremely close to the theoretical
references (91% accuracy in the worst scenario),
whose data was used in each of the implemented
metamodels.

The decision to assure that the time in the queue
was always greater than zero to mimic the ex-
pected behavior of a real queue, increasing the
limit of results to exclusively positive values, al-
though correct, caused a great impact on the re-
sults obtained for the Normal Distribution, specifi-
cally for ρ values that were closer to zero, where it
created an inflation on the values for the time in-
side the queue. Although for values of ρ > 0, 5
this distribution showed decent results, and for the
reasons above, the normal distribution was seen
as unfit to represent the queueing behavior as this
work aimed to achieve.

Concerning the Exponential Distribution, as the
value of µ was incremented, the accuracy was pro-
gressively worse and, in some cases, for values of
0.8 ≤ ρ ≤ 0.99 the obtained results doubled the
value of the expected ones.

At first, and for µ = 0, 2, the results were ex-
tremely close from the theoretical references. As
for µ = 0, 5, the results showed a minor difference
for values of ρ > 0, 8. However, for higher values
of µ, the obtained results unexpectedly showed a
larger difference to the theoretical references of the
same ρ points.

It was considered that perhaps the exponential
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Figure 3: Graphical representation of the time in queue by
ρ (rho) for different beta distribution parameter calculation ap-
proaches and µ = 0, 7 from the same beta distribution meta-
model

distribution was unable to accurately describe such
behavior for greater service times as it was nec-
essary to experiment with distributions that could
describe more complex behaviors.

As covered in previously, the beta distribution is
a family of continuous probability distributions de-
fined on the interval [0, 1] with two positive shape
parameters that appear as exponents of the ran-
dom variable and control the shape of the distribu-
tion.

In order to adequate the results obtained from
the initial model’s simulation runs, the data values
were brought to the interval [0, 1] by dividing those
values by the run maximum queue time.

The initial approach involved taking several runs
from the simulation model and using matlab library
functions to compute parameters that fit each of
the runs. The parameters given to the distribution
metamodel were the average of the computed pa-
rameters for each of the simulation runs with spe-
cific ρ and µ values.

The results from this approach showcased two
interesting differences to the previous distributions.
Not only the results were consistently worse, but
also the value of time inside the queue for values
of ρ < 0, 85 was always zero.

A second approach taken into consideration was
computing a result run from the input runs were the
time in queue for the nth client was the average
time of a nth client from all of the model simulation
runs. This approach led to a more accurate behav-
ior since it took into consideration individual clients
inside each run. The results when compared to the
first approach showed significant improvements on
the use of the second approach. One of the most
noteworthy differences was the behavioral results
for the time in queue while ρ < 0, 85, where the first
approach did not consider those values to be differ-
ent than zero, while the second approach showed
a behavioral difference consistent to the theoretical
references.

From all of these experiences, some elements

showed consistency in a way that could allow for
generalizations, however it was considered that a
M/M/1 queueing system was not broad enough to
allow reaching significant conclusions. Like so, it
is necessary to shine light on some of these ele-
ments, specifically with consideration to beta dis-
tributions which showed consistent and accurate
results when compared to both the previous dis-
tributions and theoretical references.

One of the elements that sparked interested in
regards to generalization were beta distribution pa-
rameters. These parameters are exponents of the
random variable from beta distributions and control
the shape of the distribution.

Table 1: Evolution of Beta Distribution parameters by ρ
Parameters

ρ (rho) α (alpha) β (beta)
0,1 0,018351 0,378159
0,2 0,151358 1,083404
0,3 1,162114 4,42751
0,4 2,113228 6,652614
0,5 2,111263 4,647235
0,6 2,111263 4,647237
0,7 2,108894 2,965292
0,8 2,109371 3,251859

0,85 2,110095 3,733911
0,87 2,107848 2,41361
0,89 2,108629 2,816351
0,91 2,108233 2,605123
0,93 2,107599 2,295875
0,95 2,106942 2,00975
0,97 2,106581 1,86556
0,99 2,104761 1,264821

Table (1), shows the evolution of such parame-
ters for different values of ρ and µ = 0, 7 and figure
4 shows a more graphical representation. From
the observation of these parameters, it was con-
sidered that it might be possible to calculate a func-
tion capable of computing parameter values based
on the tendency of previous results. The value of
α is somewhat consistent throughout the evalua-
tion while the β parameter fluctuates substantially.
Seeing α as the shape parameter and β as the
scale parameter, it’s easy to see that the shape
of the results is more consistent while the scale
changes to fit the expected values.

In order to better test this distribution, the Mes-
saging Model was submitted to some changes
that allowed data gathering on the time of system
queues. The expectation was for the queue times
of each queue to be similar while the global system
time remained roughly the same.

From experiments using the Messaging Model,
it was found that the queueing time for either of
the queues was rather low, even more so when
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Figure 4: Graphical representation of the evolution of Beta Dis-
tribution parameters

compared to the system time. This difference was
caused by two factors: large numbers of servers,
on each queue which lets the clients go faster
through the queue; high service times, particularly
when compared to the queueing times. Taking
this difference into consideration, and in order to
reach a satisfying result, the system time obtained
with resource to the replacement of the queueing
behavior by beta distribution metamodels needed
to have a small margin error comparatively to the
global queue times.

Figure 5: Graphical representation of global system time be-
tween simulated model and beta metamodel for the Messaging
Model

Figure 5 shows the evolution of the global sys-
tem time between simulated model and beta meta-
model obtained from experiments with the Mes-
saging Model.

The difference obtained between each of it’s ele-
ments was roughly 15% of the global queue times,
considered a low percentile margin, even more so
for the significantly small queueing times, on the
global system time for this more complex messag-
ing model. This showcased a well defined differ-
ence between the queueing and service times, for
this more complex messaging model.

5. Conclusions
The present work introduces some concepts and
definitions related to metamodeling as well as the
improvements it brings to simulation itself. Meta-
models denote mathematical approximations that

mimic the complex behavior of dynamic probabilis-
tic systems, allowing easier analysis of the sim-
ulated model while providing a replacement for
those models, resulting in relative performance im-
provements.

Simulation can be seen as a technique that mod-
els the behavior of systems that may or may not
be implemented already. Models created by this
technique allow optimization and analysis of real-
life systems with better cost-efficiency. Like so,
stochastic simulation can be used for systems of
which it is not possible to predict the state of a
variable from prior states or values it has taken.
Furthermore, queues were seen as a type of sys-
tems that could benefit from stochastic simulation
and, consequently, an M/M/1 queue was chosen as
the subject of study given its rather simple struc-
ture and behavior, with particular focus on the in-
ferences based upon statistical data, allowing its
comparison with real-life queueing systems.

Simulation software is introduced given features
and advantages they might bring to the develop-
ment of a simulated model capable of relevant
data retrieval, with the focus of specifying a meta-
model that can accurately represent and replace
the queueing system in use.

It was feasible to specify a metamodel that re-
placed the queueing behavior and allowed simu-
lation with stochastic inputs. To achieve so, the
previously developed model was used to gather
input/output values on the system queueing and
global times as well as help estimate parameters
of the specified metamodel. Furthermore, the lat-
ter was tested for how well it fits the model data
with resource to statistical tests that have both the
simulated inputs and the M/M/1 queueing theory
as reference.

Starting from a rather simple M/M/1 system, it
was possible to gather a significant amount of in-
formation on how the system separates the queue-
ing and servicing phases and shine focus on the
queueing system specifically. This allowed the us-
age of M/M/1 theoretical references like the aver-
age time in the system, describing the time be-
tween arrival and departure of a generic client,
and apply them as goals for the simulation model,
where metrics like confidence intervals were ex-
tremely helpful for interval estimation and estab-
lishing limits to validation data. This simulation
model was later used to specify and analyze each
of the covered metamodels, with accurate and con-
sistent results for some of the metamodels.

From these theoretical references, it was possi-
ble to find a metamodel that could accurately rep-
resent the queueing behavior of the M/M/1 system
as well as give a starting point towards generaliz-
ing on more complex systems and reaching some
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conclusions on the subject.
From the evaluations results exhibited in the

previous section, it was achievable to showcase
the following conclusions with respect to the goals
sought with the current implementation.

Distributions like the exponential and beta
showed results closest to the theoretical refer-
ences for the M/M/1 queue, however only the
beta distribution was consistent for several differ-
ent model configurations.

Parameters of beta distributions showed inter-
esting results in respect to the evolution of the sys-
tem by different values of ρ (rho). These results
showed that the value of α is somewhat consis-
tent throughout the evaluation while the β parame-
ter fluctuates substantially. Seeing α as the shape
parameter and β as the scale parameter, it’s possi-
ble to see that the shape of the results is more con-
sistent while the scale changes to fit the expected
values.

Attempts of generalization in a more complex
system showcased a well defined difference be-
tween the queueing and service times, as well
as achieving results with a low percentile margin,
even for significantly small queueing times, on the
global system time for this more complex messag-
ing model.
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