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Abstract: The Monte Carlo simulation model is a stochastic method based on the
use of random variables and probabilistic modeling to analyze complex systems and
processes. It is widely applied in various fields such as finance, engineering, physics, and
logistics, where it is used for uncertainty assessment, optimization, and forecasting. The
method allows for the simulation of numerous possible scenarios by generating a large
number of random samples, thus providing statistically reliable estimates of the system’s
behavior. In this report, the Monte Carlo simulation will be used to distribute profits among
members of a virtual team that allocates tasks based on the fair profit method. This
approach aims to ensure objectivity and balance between each participant’s contribution
and their corresponding compensation.
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1. INTRODUCTION

The Monte Carlo simulation method, also known as probabilistic simulation, is a
computational technique used to assess the impact of uncertainty and risk in various
models — financial, project, cost, and other forecasting systems. This approach is widely
applied in practice because it allows for the quantitative study of random phenomena by
using multiple repetitions of random sampling and subsequent statistical analysis of the
obtained results.

The term "Monte Carlo" originates from the name of the famous gambling center in
the Principality of Monaco, with the association with casino games highlighting the
method's dependence on randomness — for example, the ball landing on a specific slot in
roulette, dealing cards from a shuffled deck, or the results of rolling dice (Sadus, 2010).
Essentially, the method is a modeling technique that, through multiple iterations of random
values, estimates results based on stochastic or deterministic parameters (Hamdy A.,
2006).

According to Raychaudhuri (2008), the Monte Carlo method is closely related to
random experiments where the specific outcome cannot be known in advance. Ekemezie
(2015) notes that the term "Monte Carlo Method" does not denote a specific technique, but
rather a group of algorithms that use random numbers for simulation analysis. The author
emphasizes that this is a computational process whose essence lies in repeatable random
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sampling to generate reliable forecasts. From this perspective, the method is considered a
systematic tool for performing the so-called "What-If analysis".

In the context of financial planning, Monte Carlo simulation has established itself as
a valuable tool for assessing uncertainty by generating multiple possible outcomes. This
supports informed decision-making based on a probabilistic distribution of future values —
such as market returns. The method allows for computer generation of multiple values of
annual returns, based on specified statistical parameters, including volatility and
correlations, thus outlining the range of possible outcomes (Millares Asset Management,
2009).

The main goal of analysis using Monte Carlo simulation is to quantitatively
characterize the uncertainty and variability in exposure or risk assessments. Furthermore,
the method serves to identify the key sources of uncertainty, as well as to assess their
relative contribution to the overall deviation and dispersion of results in the model (EPA,
1997). The central idea is to gain a better understanding of the behavior of the system
being modeled through random simulation.

It is important to emphasize that despite the widespread application and usefulness
of the method, its use should be tailored to the characteristics of the modeled process. As
Saharkiz (2009) notes, Monte Carlo simulation can be an effective tool to support decision-
making only if applied with a clear understanding of the process and its key parameters. It
is not advisable to use complex probability distributions for secondary variables. Therefore,
it is recommended to perform a sensitivity analysis before applying the simulation to
identify critical input variables. This leads to a better understanding of both the interactions
between parameters and the degree of uncertainty associated with their influence on the
final results.

2. WHAT IS MONTE CARLO?

The Monte Carlo method is a computational technique for estimating quantitative
characteristics of systems or processes using statistical sampling. In essence, this
methodology uses multiple random samplings to model the probabilistic outcomes of a
given phenomenon. In other words, the Monte Carlo technique is a way to estimate the
average values of stochastic variables,through repeated simulations (Dunn & Shultis,
2009).

Historically, the term "Monte Carlo" began to be used in the context of numerical
simulations with the advent of the digital computer era. Before that, the method was known
as statistical sampling. The essence of the method is based on conducting multiple
experiments, each of which leads to a binary outcome - success (value 1) or failure (value
0). After repeated repetition of the experiment (denoted as N trials), the ratio between the
number of successes (S) and the total number of trials (N) provides an estimate of the
probability of success. With a large number of repetitions, this value represents a good
approximation of the mathematical expectation (Halton, 1970). Although in its simplest
form the method uses discrete values, its power unfolds in the more complex continuous
version. In this more generalized framework, each simulated history leads to a real number
or even a complex structure of values, allowing for the evaluation of systems with multiple
variables and nonlinear dependencies. Regardless of the form of representation, the result
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of the simulation always comes down to averaging multiple simulation outputs (Dunn &
Shultis, 2009).

The Monte Carlo method is a flexible tool applicable to both direct problems (such
as numerical integration or so-called quadrature) and inverse problems, where the goal is
to determine an unknown cause based on observed consequences. This flexibility allows
the researcher to use their intuition when modeling the process, as long as certain
mathematical rules are followed. This opens up possibilities for multiple solutions to the
same problem, with the researcher having the freedom to experiment with different
simulation strategies (Trotter & Tukey, 1954). Despite its power and precision, the method
is often perceived as mysterious, even uncertain, mainly due to its name, associated with
gambling and randomness. However, at the heart of Monte Carlo simulations lie two stable
mathematical theorems - the Law of Large Numbers and the Central Limit Theorem, which
provide the mathematical justification for the results, given a sufficient number of
simulations (Halton, 1970). From this perspective, while in a real casino in Monte Carlo
success depends on luck, in computer modeling with Monte Carlo methods, success
stems from the correct application of numerical procedures and a sufficiently large number
of repetitions.

3. HOW THE MONTE CARLO METHOD WORKS

Monte Carlo simulation is an established analytical tool for modeling future events
under conditions of uncertainty. When building predictive models - whether it's forecasting
the return of an investment portfolio, calculating the value of a construction project, or
planning the time to complete a task - estimates based on historical data, expert
experience, or previous practice are inevitably introduced. These estimates contain an
inherent degree of uncertainty, as they reflect probable rather than certain values
(Metropolis & Ulam, 1949). In the context of projects with a high degree of uncertainty, it is
often possible and useful to define ranges of values - minimum, maximum, and most likely
estimate. For example, when determining the duration of a construction activity, experts
can indicate the expected execution time, as well as the boundary values in the best and
worst possible scenarios. Similarly, in financial modeling, a statistical distribution, such as
a normal distribution with a given mean and standard deviation, can be used to reflect
market return volatility (Glasserman, 2004 ).

Unlike classical deterministic models, which work with fixed input values and
generate a single output result, the Monte Carlo method uses stochastic variables - a set
of possible values randomly selected from predefined distributions.Thus, the model no
longer provides just one value, but a whole set of possible outputs, which allows for the
construction of a complete probabilistic picture of possible future events.

The procedure for simulating with the Monte Carlo method includes the
following main steps:

1. For each input variable in the model, a probability distribution is defined,
describing its range of possible values.

2. A value is randomly drawn from each distribution.
3. The model is calculated based on this unique combination of values.
4. The result is recorded.
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5. The procedure is repeated hundreds or thousands of times (depending on the
required accuracy), using new, randomly generated input values each time.

After the simulation is completed, an empirical distribution of the results is obtained,
which allows for quantitative measurement of risk. The resulting sample can be used to
calculate the probabilities of certain events occurring, to determine confidence intervals,
and for visualization through histograms or cumulative distribution functions (Hammersley
& Handscomb, 1964).

The key advantage of the Monte Carlo method is its ability to model and measure
the uncertainty and risk that accompany forecasting in real-world conditions. Through the
repeatability and randomness of the simulations, a more complete and reliable picture of
possible outcomes is built, which supports informed decision-making based not only on
average values but also on the distribution of probabilities.

4, EXAMPLE APPLICATION OF MONTE CARLO SIMULATION

To illustrate the application of the Monte Carlo method, let's consider a hypothetical
scenario where the time required to complete a construction project consisting of three
sequential stages is predicted. Each of these stages must be completed before the next
one begins, so the total time to complete the project is the sum of the durations of the
three parts. For the purposes of the example, it is assumed that all values are expressed
in months.

Tab. 1 Basic Forecasting Model

Task Time Estimate
Job 1 5 Months

Job 2 4 Months

Job 3 5 Months
Total 14 Months

Deterministic Approach

In the simplest deterministic approach, a single estimate is made for the time
required to complete each stage of the project. For example, if 4, 5, and 5 months are
determined for the three stages respectively, the total duration of the project is estimated
at 14 months. While useful for initial orientation, this estimate provides no information
about the risk or uncertainty associated with the individual phases of the project.

Stochastic Modeling with Monte Carlo

To introduce realism into the analysis, Monte Carlo simulation proposes using
probability distributions to estimate the duration of each task. Instead of a single value,
three parameters are defined for each of the three phases: minimum possible time, most
likely value, and maximum possible time. This creates a triangular distribution or other
suitable distribution that reflects expert judgment and historical data.
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Tab. 2 Forecasting Model Using Range Estimates

Task Minimum Most Likely Maximum
Job 1 4 Months 5 Months 7 Months
Job 2 3 Months 4 Months 6 Months
Job 3 4 Months 5 Months 6 Months
Total 11 Months 14 Months 19 Months

Applying the Monte Carlo method involves the following procedure:

* For each simulated execution of the project, random values are selected from the
defined distributions for each of the three phases.

* The total time for project execution for that specific simulation is calculated.

* The process is repeated 500 times (or more), using new randomly selected values
for each iteration.

After the simulation is completed, we obtain an empirical distribution of the possible
project durations. For example, the results might show that:

* The project is completed in 14 months or less in 34% of the simulations.

* In 79% of the simulations, the project is completed within 15 months.

* Extreme values (e.g., below 11 or above 19 months) occur extremely rarely,
indicating that while possible, they have a negligibly small probability.

These results provide a more complete and informative picture of the risk and
uncertainty associated with project execution. For example, if the initial estimate of 14
months is used for planning purposes,without considering deviations, there is a 66%
probability that the project will not be completed within the planned timeframe, which could
lead to delays, budget overruns, or legal consequences.
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Fig. 1 Probability of Completion Within Specified Time (Months)
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Figure 1: Probability of Completion Within Specified Time (Months)

Risk Management and Decision Making

Monte Carlo simulation allows for the identification of probabilistic boundaries and
supports informed decision-making in planning. Such information can influence the
determination of time buffers, the calculation of necessary resources, the structuring of
contracts, and the negotiation of insurance terms.

It is important to emphasize that the quality of the simulation is highly dependent on
the reliability of the input estimates. The method provides a probabilistic, not deterministic,
view, and the simulation results should not be perceived as a certain forecast, but as a tool
for analyzing uncertainty and outlining a range of possible scenarios.

5. IMPLEMENTING MONTE CARLO SIMULATION USING CRYSTAL BALL

To fully understand the essence and application of the Monte Carlo method, it is
necessary to examine how this approach is implemented through specialized software.
One of the most widely used tools in this field is Crystal Ball — a powerful software product
for simulation modeling, risk analysis, and forecasting, developed by Oracle.

The Monte Carlo method is a stochastic approach that allows for the modeling of
processes influenced by random factors. This makes it particularly useful for risk
assessment, forecasting future outcomes, and investigating the reliability of complex
systems where deterministic models are insufficient.
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5.1 PRINCIPLES OF MONTE CARLO SIMULATION

At the core of Monte Carlo simulation is the idea of generating multiple random
scenarios in which the input data varies according to specific probability distributions. Each
scenario leads to a specific outcome, and summarizing all outcomes allows for statistical
inferences to be made about the behavior of the system as a whole. The probability of a
specific event occurring is estimated by the relative proportion of cases in which that event
occurred.

Crystal Ball: Key Features

Crystal Ball allows the user to build interactive models based on spreadsheets
(usually Microsoft Excel) and apply Monte Carlo simulation by entering probability
distributions for the input variables. Among the available distributions are:

* Normal (Gaussian) distribution — used for modeling variables with a concentration
of values around the mean, a symmetrical distribution, and well-described deviations.

* Triangular distribution — suitable when the minimum, maximum, and most likely
values are known.

* Uniform (continuous) and discrete uniform distribution — used when there are
equal chances for different values to occur.

* Poisson, binomial, lognormal, exponential, geometric, etc. — each with applicability
in different areas of analysis.

Two frequently used distributions deserve special attention:
Normal Distribution

The normal distribution is widely used due to its application in natural and social
sciences. It is characterized by the following properties:

* The most frequent values are around the mean (expected value);

* The distribution is symmetrical with respect to the mean value;

» Approximately 68% of the values are within one standard deviation of the mean.
Discrete Uniform Distribution

This distribution is used when all values between a certain minimum and maximum
are equally likely. Conditions for application include:

* Presence of a discrete number of possible values;
* Clearly defined interval boundaries;
* Lack of preference or weight towards any value.

Example applications include estimating the value of a property, random
measurement error, or simulating equally likely choices.Stages of Simulation
Implementation in Crystal Ball

The process of implementing a simulation in Crystal Ball can be divided into
three main stages:

1. Define Assumptions
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The first step involves identifying the input data that is subject to random variation.
Each such cell in the spreadsheet is defined as an assumption, and an appropriate
probability distribution is assigned to it. This is the basis for generating different scenarios
in the simulation.

2. Define Forecasts

The next step is to define forecast cells — output variables that depend on the
defined assumptions. Crystal Ball tracks how the values of these cells change in each
simulation scenario, storing statistical information: averages, probabilities, standard
deviations, etc.

3. Start Simulation

The final stage involves starting the simulation. The software generates random
values according to the defined distributions for each assumption and calculates the
results based on the formulas used in the model. After hundreds or thousands of
repetitions (iterations), the results are analyzed through graphs (histograms, cumulative
curves, etc.) and statistical summaries.

The application of Monte Carlo simulations through Crystal Ball provides a powerful
analytical tool for modeling complex processes with uncertainty. Thanks to the wide range
of possible distributions, the intuitive interface, and the rich set of visualizations, users can
make informed decisions based on probabilistic analysis, rather than guesswork. Thus,
through modeling, simulation, and risk analysis, Crystal Ball contributes to better
management of projects, budgets, investments, and processes in various fields of
economics and engineering.

6. EXPERIMENTS WITH THE MODEL

For the Monte Carlo simulation that we will experiment with, we will take the
situation in a virtual team of 6 people who have distributed the amount of work done
through a fair profit distribution method. For this purpose, they have determined a point
norm, which they will multiply by time using a formula and which will help determine the
final profit of each team member.

The profit is distributed individually for each team member through a point
system. The following parameters are set:

* Point norm

* Execution time in minutes

* Total points earned

The formula by which the final result Total points earned is calculated is as follows:
Points norm * Time(min)/ 60

Project execution activities are accounted for with internal relative units, which
everyone receives during the execution. These include (in parentheses are suggestions for
accounting for relative units per hour),

e Expert work in a specific area (60 units/hour).
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e Programming on very complex tasks (80 units/hour).
e Programming on moderately complex tasks (60 units/hour).
e Programming on easier tasks - e.g., data preparation (40 units/hour).

e Work administration - team meetings, additional descriptions, protocols, etc. (20
units/hour).

e Project management and coordination (30 units/hour).
e Client relations - meetings, negotiations, offers (40 units/hour).
e Analyses (40 units/hour).

e Research work, which is generally considered included in all of the above (40
units/hour).

We will work with the model with these internal relative units that everyone receives
during the execution, through a simulation with 100000 trials of the model, and the final
result will be how many total units/hour the team has accumulated for completing the
tasks.

First step: We prepared the input data with which we will simulate with the model,
by creating the following table in Excel:

Under the numbering is each task assigned by the team and with the internal
relative units that everyone receives during the execution.

Tab. 1 Defining Tasks and Points norm

B C D
1 Business Analysis 40
2 Manual Data Prep 40
3 Dashboard Engeneering 40
4 Report writing 40
5 Model Analysis (Results interpretation) 40
6 Sales & Customer relations 40
7 Data Modeling 60
8 Developement 80
9 Technical Data Prep (Collection, Feature Eng.) 40
10 Business Analysis (Data exploration) 60
11 Project Management 30

Second step: The table is opened through the Crystal Ball application.

To work with the model and the VLOOKUP formula, each of the tasks with a code
from 1 to 11 is placed in the table where the simulation will be performed.Crystal ball is
started, and the discrete uniform distribution is used to define the task assumptions.

Crystal ball is started, the discrete uniform distribution is used to Define the
assumptions of the tasks.
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Tab. 2 Defining Task Assumptions
A B

40
40
40
40
40
40
60
80
40
10 60
11 30

Tab. 3 Defining the assumptions of the tasks

Co =~ Sy N o LD R =

[{=]

C Assumption: Task —

Edit View Preferences Help

O X

100 000 Trials Discrete Uniform Distribution 100 000 Displayed
Task
0.11 11000
0,10 10 000
0,09 9000
0.08 8000
0,07 7000
£ n
= o]
= 0,06 6000 2
@ c
3 g
0,05 5000
o 2
0,04 - 4000
0,03 3000
0,02 2000
0,01+ 1000
0
Minimum | 1,00 Maximum [11,00

And for Defining the assumptions of Point norm, a normal frequency distribution.

For this purpose, we calculate the mean and standard deviation.
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Tab. 4 Defining the assumptions of Point norm.

(O Assumption: Points norm - O *

Edit View Preferences Help

100 000 Trials Normal Distribution 99 806 Displayed

Points norm
1300
1200
i - 1100
| 1000
900
: 800
£ I
= 700 &
g 5
S 600 3
a
i 500
400
i 300
200
100
10,00 20,00 30,00 40,00 50,00 60,00 70,00 80,00 90,00
Mean | std Dev[14.00 |

It's time to set the formula with which these two assumptions, Task and Point norm,
are simulated, and it will look like this: =VLOOKUP(A2;A3:B13;2;FALSE)*B2. We define it
using Define Forecast, and run the simulation using the Start Simulation button, having set
it to run for 100000 periods.

Tab. 5 VLOOKUP Function

[ X - - Hoe Microsoft Excel Worksheet - Exce
HOME INSERT PAGE LAYOUT FORMULAS DATA REVIEW VIEW DEVELOPER
u ® W g Copy U Select~ B I:] ﬂd J> FL Run Preferences
& Paste | (& Freeze Trials: | 100000
Deﬁn_e Defipe Define & Clear | B Cell Prefs Start Stop Reset Step 3 Save or Restore -
Assumption - Decision Forecast
Define Run
c2 - fr | =VLOOKUP(A2;A3:B13;2;FALSE)*B2
A B C D E F G H

1 REGLS Points norm

2 0 0 |

3 1 40

4 2 40

5 3 40

6 4 40

7 5 40

8 4] 40

9 7 60

10 8 80

11 9 40

12 10 60

13 11 30
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Here are the results:

Tab. 6 Simulation results.

100 000 Trials Frequency View 98 182 Displayed
'Sheet1'IC2

3300

0,03 3000

2700

2400

A

2100
2 0,02 £ Y
= A 1800 &
] =
-1 @
o 1500 =
a 2

1200

0,01

900

600

300

0.00 — = 1 " " g " 1 1 1 0

-500.00 0.00 500,00 1000,00 1500,00 2000,00 2500,00 3 000,00 3500.00 4000,00 4 500,00
‘ — Fit: Max Extreme Il Forecast values |
+[1512.11 | Certainty: 50,000 % 4 [2552.14

7. CONCLUSION

From the conducted simulation, it is found that each team member will receive an
average of between 1500 and 2500 points, and the completion of their assigned tasks,
which will help us find in the future how much money each team member will receive on
average for completing the assigned tasks.

How will Crystal ball facilitate the research if we follow the formula and perform the
same steps for each column including the model or create a general model with several
assumptions, we may reach a general average result and predict how much the cost of
completing the entire project will be on average, which on the other hand will facilitate the
financial part of the project and help predict possible surpluses or shortages of financial
resources, which leads to other steps, for example:

- Changing the points for completing tasks.

- Changing the time for completing tasks.

- Reducing or increasing the norm for completing tasks.

- Assigning other people to assist in the project execution.

- Increasing or decreasing administrative services.

- Seeking financial assistance from business angels, sponsors, etc.

The benefits of applying the model can be other, but for the purpose of the
research, we will limit them to those that are currently most significant for the project
execution, which is the purpose of writing this paper, to get acquainted with the "Monte
Carlo" model and to simulate with the help of Crystal ball, through which to evaluate the
team's work, the completion of assigned tasks, the time and necessary resources for the

project execution.
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