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Abstract—This innovative practice full paper presents a case
of teaching modeling, simulation, and performance evaluation
course online during the COVID-19 pandemic for graduate
students. The course includes theoretical and practical sessions
with varying complexity. Students should have a good
background in math, statistics, and probability. Students must
also have good experience in one of the computer programming
languages to solve the homework and work on the term project.
The challenge is how to teach these topics online and engage the
students in the course as they learn in face-to-face classes.
Delivering the course using PowerPoint slides and a whiteboard
is not suitable for teaching the class online. Therefore, there
must be an alternative way to deliver the course online. We
noticed a growing interest in using Jupyter Notebook in
teaching, which motivated us to apply it to the mentioned course
with some innovations. Jupyter Notebook is an open-source web
application that allows us to create and share documents that
contain live code, equations, visualizations, and narrative text.
We want to share our experience teaching this course online
using Jupyter Notebook in this innovative practice. We will
share the course development plan, delivery mode, lessons
learned, and student feedback. I will also highlight maximizing
the benefits of the Jupyter Notebook using add-ins and tools
useful for teaching, such as converting the Jupyter Notebook to
a slide show. Developing courses in Jupyter Notebook could be
time-consuming and frustrating, especially if there are a lot of
math equations, tables, and drawings. This effort pays off in
terms of the quality of the instruction and learning, and it gives
students a tool to help them practice and engage with the course
material.

Keywords—Jupyter Notebook, online teaching, simulation,
modeling, course development

I. INTRODUCTION

Teaching modeling, simulation, and performance
evaluation course for graduate students is a mix between
theory and practice. The course catalog description includes
computer simulation concepts and modeling theory,
probability distributions and queuing theory, random number
generation, probability distribution generation, data
collection, and input/output analysis. Students should have a
solid foundation in probability, statistics, and mathematics.
Students must also have good experience in one of the
computer programming languages to solve the homework,
work on the term project, and work on the coding examples in
the lecture. The course conduct includes theoretical and
practical sessions with varying complexity as students should
apply what they learn in this course in simulation. The
challenge is teaching these topics online and engaging
students in the course as they learn in face-to-face classes.
Delivering the course using PowerPoint slides and a
whiteboard is not suitable for teaching the course online.
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Therefore, there must be a way to facilitate delivering this
course online. During the COVID-19 pandemic, we moved to
online teaching. After extensive research on online teaching
tools, we decided to use the Jupyter Notebook.

Jupyter Notebook is an open-source web application that
allows us to create and share documents that contain live code,
equations, visualizations, and narrative text [1]. There is a
growing interest in using Jupyter Notebook in teaching, which
motivated us to apply it to the modeling, simulation, and
performance evaluation course with some innovations. The
interest in using Jupyter Notebook has increased during the
COVID-19 pandemic as it was very convenient for interactive
online teaching. The interest is not only for STEM (Science,
Technology, Engineering, and Mathematics) courses, but
other non-STEM subjects, such as social sciences, used

Jupyter.

We first taught the course in fall 2020 and then in spring
2022. The experience from the first time was extraordinary
and beneficial to the students, and student feedback was
positive. Students used Jupyter Notebook or Google Colab
(Collaboratory) to apply what they saw in class and work on
their homework and project. Some students use the same
approach in their thesis research and other courses.

Teaching and learning can use any available online
resources that improve teachers’ and students’ productivity
and give them flexibility and support for collaborative work.
In engineering courses, Jupyter Notebook provides a
programming environment for developing and sharing
educational materials, combining different types of resources
such as text, images, and code in several programming
languages in a single document, accessible through a web
browser. This environment is also suitable for providing
access to online experiments and explaining how to use them
[2]. Jupyter Notebook has been recently used to support
teaching and learning in many areas [3]. Alberto et al. [2] used
Jupyter Notebook to teach “Data Analysis and
Transformation” in the 2" year of the Informatics Engineering
B.Sc. course at the University of Coimbra, Portugal. Andres
et al. [4] used it as an interactive tool in a virtual laboratory to
teach the subject of mechanical engineering for optimizing
manufacturing processes.

The Jupyter Notebook provides a suitable programming
environment to teach engineering labs [4]. Willis et al. [5]
report that while using Jupyter Notebook to develop the
students’ coding skills, they investigated how the cell structure
of Jupyter Notebook can be exploited to improve the students’
understanding of how to structure a report on a data
investigation. Jupyter Notebook has also been used to
accelerate learning and curriculum development. The authors



in [6] used the technical features of Jupyter Notebook and
Docker to develop and deliver three Geo-Computation
modules to Geography undergraduates, with some
progressing to data science and analytics roles. The authors in
[7] used Jupyter Notebook to teach the “Theory of Structures
and Industrial Constructions” course module that involves
matrix structural analysis, which requires intensive matrix
calculus and computational methods that cannot be solved
with pen and paper alone. Jupyter Notebook can be used to
teach elementary engineering undergraduate courses such as
linear algebra [8]. The authors introduce a new form of
computer-aided linear algebra course by applying a set of
Python computer programs implemented on the Jupyter
platform. They design some visual examples demonstrating
the practical applications of linear algebra to help students
understand the intrinsic physical meanings of some concepts.
The authors aim to improve the development of innovative
teaching methodologies.

Masanori [9] describes how to use Python to teach topics
in a microeconomic theory course at the undergraduate level.
Specifically, the author describes how to use Python to solve
optimization problems. They provide a Program code for
every example to encourage replication and experimentation.
Dominguez et al. [10] used Jupyter Notebook to support the
teaching of “Introduction to Chemical Engineering” courses
to 1%-year B.Sc. students in Chemical Engineering, 2"-year
B.Sc. students in Chemistry, and 3“-year B.Sc. students in
Biochemistry at the Universidad Complutense de Madrid
(UCM). Thomas et al. [11] used Jupyter to provide rich user
interfaces to interact with a supercomputer. The interfaces are
easy and more productive, which attracts new kinds of users
and helps to expand the application of supercomputing to new
science domains. Jupyter Notebook has been widely accepted
as interactive data science and scientific computing tool
among researchers [12]. Analysts can use Jupyter Notebook
to write documents that contain software code, computational
output, formatted text, and data visualizations [13]. Muller et
al. [14] developed an open-source educational material for a
“Preparation Course for Python (PCP)” that use signal
processing as an application for practicing the programming
concepts. The interactive documents in the PCP notebooks
include executable code, textbook-style justifications,
mathematical formulas, graphs, pictures, and audio examples.

The remainder of this paper is organized as follows:
Section II presents the course structure. The proposed course
development and implementation are explained in Section III.
Section IV presents the discussion and best practices. Finally,
Section V presents the conclusions.

II. COURSE STRUCTURE

Modeling, Simulation & Performance Evaluation is a
graduate course offered to the PhD students in the College of
Information Technology, United Arab Emirates University.
The course contents include; Computer simulation concepts
and modeling theory, probability distributions and queuing
theory, random number generation, probability distribution
generation, data collection and input analysis, discrete
modeling and simulation concepts, and Monte Carlo
Simulation. Upon completion of this course, students should
be able to achieve the following course learning outcomes
(CLOs):

e Describe modeling and simulation, and performance
evaluation techniques.

e Apply simulation and performance evaluation
techniques to develop and evaluate the relative merits
of alternative system design models.

e Analyze simulation and performance evaluation
results clearly and coherently.

e Apply appropriate modeling techniques to real-world
problems and data sets.

The first outcome, based on the revised Bloom’s
Taxonomy [15], requires the students to understand the main
components of modeling and simulation and be able to discuss
them. The students should also identify the performance
measures techniques and describe them. In the second
outcome, the students should apply what they learned in the
first outcome. The students will apply these techniques
through homework assignments and a project. The students
should be able to analyze simulation results, make informed
decisions about their simulation, and compare the results with
other alternative systems. Students explore different real-
world problems during the term project and collect related
data. They formulate, design, model, and implement the
project based on the tools learned in this class. To realize all
of these tasks, Table 1 presents the course outline. The outline
is based on a 15 weeks semester. The course content follows
a well-known textbook [16][17].

TABLE L COURSE TOPICAL OUTLINE

Week | Topic(s) |CLO1|CLO2|CLO3|CLO4| Course Activities
Week |Introduction [V Lecture/Coding/Class
1 to Simulation Discussion

and

Modeling
Week |Basics of |/ Lecture/Coding/Class
2 Discrete- Discussion/Homework 1

Event

Simulation
Week [Introduction |V Lecture/Coding/Class
3 to SimPy: A Discussion

Discrete-

Event

Simulation

Package

based on

Python

Simulation

Examples
Week |Statistical N Lecture/Coding/Class
4 Models  in Discussion/Project

Simulation Discussions
Week |Probability N Lecture/Coding/Class
5 Distributions Discussion
Weeks|Queuing N Lecture/Coding/Class
6,7 |Models Discussion/Homework2
Week |Random N Lecture/Coding/Class
8 Number Discussion

Generation

and Random

Variate

Generation
Week |Input N N Lecture/Coding/Class
9 Modeling Discussion
Week |Verification, |V N N N Lecture/Coding/Class
10 Calibration, Discussion/Project

and Discussions

Validation of]

Simulation

Models




Week |Performance N Lecture/Coding/Class
11 measurement Discussion/Homework3

in

simulation-

based

environments
Week |Monte Carlo|V Lecture/Coding/Class
12 Simulation Discussion/Homework4
Weeks|Projects N N N N Project ~ Presentations
13, 14 |Presentations and Discussions

and

Discussion

The course includes theoretical and practical activities.
The course instructor develops a Jupyter Notebook for each
week (lecture) and makes them available to the students
through the Blackboard system. Students then download a
copy of the Jupyter Notebook for each lesson in which they
perform various practical in-class and off-class tasks. The
course assessment tools include theoretical and programming
assignments, term projects, and final exams. Students are also
asked to do lecture scribing, in which they revise the lesson
Notebook, suggest improvements, and add examples and
formatting. The term project consists of a real-world problem,
where the students select any problem of their choice and
work on it after agreement with the course instructor. The
project activities should involve all tasks taught in class,
starting from formulating the problem to the output analysis.

III. COURSE DEVELOPMENT AND IMPLEMENTATION

All lectures are developed and implemented by Jupyter
Notebook. In the first week of the course, the instructor gives
an orientation about the course and the used tools. Lectures
are distributed to the students in a Jupyter Notebook format to
use in the class and perform practical tasks. Students are
instructed to install and configure Jupyter Notebook on their
computers. The best way to install and configure Jupyter
Notebook is through Anaconda distribution, which is free.
Students may also use Google Colaboratory (Colab). All
lectures start with the relevant references used in the
Notebook. References are textbooks, references, tutorials,
videos, Python libraries, etc. Then a list of the lecture
objectives is stated. The Jupyter Notebook is organized into
cells. Each concept/task is explained in one or more cells,
followed by an interactive case study or example, as shown in
Fig. 1. The following subsections discuss the development and
implementation details of each lecture.

Slide Type Slide v
Components of a System

« Entity: is a component (object) of interest in the system.

« Attribute: is a property of an entity.

« Activity: represents an action that takes a time period of specified length

« Event: is defined as an instantaneous occurrence that might change the state of the system.
For example:

« If abank is being studied, customers might be one of the entities, the balance in their checking accounts might be an
attribute, and making deposits might be an activity.

Fig. 1. A Jupyter Notebook cell shows the components of a system with an
example

A. Week 1: Introduction to Simulation and Modeling

This lecture is an introduction to simulation and modeling.
It discusses the general concepts of simulation and when to
use simulation. It explores the concepts of a system and
system model. Then discusses the advantages and
disadvantages of the simulation. It also states the steps in

building and using a system simulation model. The main
objectives of the lecture are as follows:

¢ Define a system and its characteristics.

e Define simulation and how it is used to imitate a
system.

e [dentify discrete and continuous systems.
¢ Outline the steps of a simulation study.

The explanations of these objectives follow the textbook
[16] and the references. This lecture doesn’t involve coding
but includes some tables and figures. Tables can be written in
Markdown language. For example, the following table shows
some examples of systems and their components written in
Markdown and the rendered output.

| System | Entities | Attributes | Activities | Events | State Variables |
I |- I: I I: I: \
| Banking | Customers | Balance | Deposits | Arrival | Busy tellers|
[Rapid rail |Riders| Origin| Traveling| Arrival| Riders waiting|

System Entities Attributes Activities Events State Variables
Banking Customers Balance Deposits Arrival Busy tellers
Rapid rail Riders Origin Traveling Arrival Riders waiting

Figures can be inserted in the Jupyter Notebook as an
image. For example, to insert the image of types of system
models, we use the following syntax://Types of Models]
(models.png). This lecture also gives brief tutorials about the
tools used in the course. These tutorials include; Jupyter
Notebook, Markdown, Latex, and Python. Then provide links
to some other useful tutorials.

B. Week 2: Basics of Discrete-Event Simulation

In this lecture, we introduce the general principles of
discrete-event simulation. Topics include event scheduling
and time advance algorithm. The lecture objectives are:

¢ Discuss discrete-event system simulation.

¢ Identify the components and organization of a
discrete-event simulation model.

e Explain time-advance mechanisms.
e Run discrete-event examples.

After discussing the theoretical part of discrete-event
system simulation, we develop and implement the first
simulation program. The simulation program consists of the
main program and supporting routines. The challenging part
of'this lecture is the time-advance mechanism and how to keep
track of the time while running the program. To explain the
time-advance mechanism, we run a Python program in Jupyter
Notebook and monitor the time advance. The example
program simulates a single-server queueing system [17]. The
example shows how to simulate a single-server queueing
system such as a barbershop, call center, or bank system with
one teller. Fig. 2 shows the system model to be simulated.

o O
w w Departure
>

Waiting Line Service Process (u)

Fig. 2. Barbershop system model.



The barbershop can be simulated as a Python class that
includes all instance variables and methods to model the
system. Fig. 3 presents a snapshot of the Barbershop class. The
class cell is followed by a Test cell to check the validity of the
methods in the class. For example, to test the statistical
counters, we may run the Test cell shown in fig. 4. The arrivals
and the service rate follow an exponential distribution, which
is also implemented in Python. To explain the exponential
distribution to the students, we create a cell and run the
exponential distribution as depicted in fig. 5 with the cell
output followed by a discussion cell.

In[ ): Slide Type v

class Barbershop:
def _init_(self, interarrival_time, service_rate)
Self.interarrival time = interarrival_time
self.service_rate = service_rate

self.num_in_system = 0
self.clock = @

#sto
self.num_arrivals =
self.t_depart = fl
self.num_depart
self.total_wait = ©

self.t_arrival = self.generate_interarrival()

def advance_time(self):
t_event = min(self.t_arrival, self.t_depart)
self.total_wait += self.num_in_system * (t_event - self.clock
# Advan th

dvance the si
self.clock

t_event

if self.t_arrival <= self.t_depart:
self.handle_arrival_event()

else:

self.handle_depart_event()

Fig. 3. Barbershop class implementation snapshot

In[]: Shide Type - v

time_history = []
num_arrivals_history = []

interarrival_time = 1/3
service_rate = 1/4

sim = Barbershop(interarrival_time, service_rate)

for i in range(100):
sim.advance_time()

sim.total_wait}")

ivals: {sim.num_arrivals}")
{sim.num_depart}")
m.num_in_system}")

Fig. 4. Test cell for statistical counters

In [1]: Slide Type v

import numpy as np # We need
import matplotlib.pyplot as p:
# Set the number of events (arri
nums = np.random. exponential(

Fig. 5. Cell for generating exponential random variable and drawing the
distribution

C. Week 3: Introduction to SimPy

Simulation code can be implemented from scratch, where
we keep track of events and time, or we can use a simulation
framework that organizes events and time advance. In this
course, we use the SimPy framework [18]. This lecture has
four objectives to understand how SimPy works.

e Explain SimPy framework

¢ Define Python generator function.

¢ Discuss SimPy shared resources, containers, and
stores.

¢ Implement SimPy working examples.

We start with an overview of the SimPy package and
define the generator function with examples. To use SimPy,
we should install it as it doesn’t come with the Python
distribution. We refer the reader to the SimPy tutorial web
page to learn more about SimPy [18]. Fig. 6 presents a code
using SimPy. The code implements the timeout event and
function generator. To conclude this lecture, we run the same
Barbershop simulation program but with SimPy. The code is
written by Paul T. Grogan, Stevens Institute of Technology,
and is available on YouTube [19].

In[]: Slide Type v

yield env.timeout(trip_duration)

nt and run the program.
nt()

env.process(car(env))
env.run(until-15)

Fig. 6. Timeout event and the function generator

D. Week 4: Statistical Models in Simulation

Most real-world modeling systems are stochastic rather
than deterministic. Therefore, a prerequisite for this course is
that students have good knowledge of statistics and
probability distributions. The lack of this knowledge is
covered in this lecture to ensure that students efficiently use
statistics and probability distributions in the simulation to
model the input and analyze the output. This lecture gives the
necessary theoretical work supported by many Python
examples. The objectives of this lecture are as follows:

¢ Define discrete and continuous random variables.

¢ Define cumulative distribution function.

e Explain expectation, variance, and standard deviation.
¢ Identify useful statistical models.

We used the built-in random module in Python, the
random functions in NumPy, and the SciPy library to generate
random variables and run random experiments. For example,
the cell in Fig. 7 generates a random variable between (0, 10).
Python is rich in statistics and probability distributions, and
you can find almost every function you need. Students are
very excited to learn and implement these functions, and they
stated that these readily available functions make coding easy
for them. The students also indicated that running these
functions helped them understand the theory behind it.

In [4]: Side Type - v

po
mport numpy as np

Generates a between a given
= random. randint(
np.random. randint
print("Random numb
print(“Random number

Random number between @ and 10 is 7 using Random module
Random number between @ and 10 is 2 using NumPy library

Fig. 7. Random number generation.

We discussed several statistical models for well-known
systems. The probability distributions are discussed in more



detail in week 5. This lecture also presented some useful
statistical models needed in real-world simulations.

E. Week 5: Probability Distributions

This lecture discusses some selected probability
distributions that describe various probabilistic events. It
contains several mathematical equations that are written in
Latex. This appears to be time-consuming as writing LaTeX
equations in Jupyter Notebook is not easy and prone to
mistakes, but it is worth doing. For example, Fig. 8 shows the
Binomial distribution written in LaTeX and the rendered
output.

Siide Type Side v
#### Binomial distribution
- The random variable X that denotes the number of successes in $n$ Bernoulli trials has a
binomial distribution given by $p(x)$, where

$3p(x) =
left\{
\begin{array}{11
n \choose x}{p*x}{g*{n-x}}, \quad x =0,1,2,...,n \\
@, \quad otherwise
\end{array
right.$$
- ${n \choose x} = \frac{n!}{x!(n-x)!}$; binomial coefficient (combinations)
- An easy approach to calculating the mean and variance of the binomial distribution is to
consider $X§ as a sum of $n$ independent Bernoulli random variables, each with mean $p$ and
variance $p(1 - p) = pq$. Then,
$$X = X1+ X2+ ...+ Xn$$

- The mean, $$E(X) = p + p +... + p = np$$
- The variance, $$V(X) = pq + pq + ... + pq = npqs$

Slide Type Slide v

2.2 Binomial distribution

« The random variable X that denotes the number of successes in # Bernoulli trials has a binomial distribution given by
p(x), where

N Fa . x=0,1,2
Mx]:{(_\)p’q . x=0,1,2,..., n

0, otherwise

o (%) = m2; ; binomial coefficient (combinations)
xMn—x)! .

« An easy approach to calculating the mean and variance of the binomial distribution is to consider X as a sum of n
independent Bernoulli random variables, each with mean p and variance p(1 — p) = pq. Then,
X=X+ Xo+...+X,
« The mean,
EXx)=p+p+...+p=np
« The variance
V(X) = pq+ pq+...+pq = npq

Fig. 8. Binomial distribution in LaTeX and the rendered output

Based on feedback from the students, this lecture exhibited
the powerfulness of the Jupyter Notebook and its flexibility in
using Python code, Markdown, LaTex, and HTML. All
discussed probability distributions are implemented in Python
active cells, and the students run the code on their machines
with different values. Students gained a great knowledge of
using these distributions and gave them insight into how to use
them in their graduate research. The students also had a chance
to implement all examples in this lecture in Python and discuss
the results. Fig. 9 shows how to implement Weibull
distribution in Python.

In [10]: Siide Type v

# Example: I
from scipy.s _m
import matplotlib.pyplot as plt

c=1.79
mean, var = weibull_min.stats(c, moments="mv')
r = weibull_min.rvs(c, size=1000)

print(‘'Mean {} Veraince {}'.format(mean, var))
plt.hist(r, bins=50)
plt.show()

Mean ©.8895312083339716 Varaince ©.26414885038021363

Fig. 9. Weibull distribution

F. Week 6 and 7: Queuing Models

Most real-world systems such as service facilities, production
systems, repair and maintenance facilities, communications
and computer systems, and transport and material-handling
systems are modeled as queueing systems. Therefore,
analyzing the queueing models is essential in any simulation
and modeling subject. Queueing models provide the analyst
with a powerful tool for designing and evaluating the
performance of queueing systems. Queueing models can be
solved mathematically or analyzed through simulation. In
this lecture, we discuss the mathematical and simulation
solutions of the queueing models. Jupyter Notebook is an
excellent tool to present this lecture. The following are the
main objectives addressed in this lecture:
¢ Discuss the characteristics of queueing systems.

¢ Identify queueing systems notations.

® Analyze long-run measures of performance of
queueing systems.

¢ Study the steady-state behavior of infinite-population
Markovian models.

The Jupyter Notebook is divided into cells. Some cells
present the theory of the queucing systems, followed by
discussion cells that ask the students to engage in groups to
discuss a certain topic. The lecture contains several equations,
which are implemented in LaTeX. The main point of this
lecture is to teach how to develop the mathematical model and
compare it with the simulation results, i.e., the steady-state
behavior of the system versus the long-run measures.
Therefore, we dedicated some cells to run simulation code for
some queueing models. The lecture is supported with
homework to implement most of the concepts of the lecture
and discuss the results. The students had a chance to verify the
two important theorems of “Law of Large Numbers” and
“Central Limit Theorem” through simulations.

G. Week 8: Random Number Generation and Random
Variate Generation

Generating random numbers that follow a specified
distribution is essential in simulating almost all real-world
systems. Fortunately, Python is rich in functions that generate
random variables and variates. Despite the readily available
functions, the theory behind generating the random variables
and random variates is important. Therefore, the main
objectives of this lecture are:

¢ Discuss random number generation.
¢ Discuss random variate generation.

® Provide example code for generating random
variables and random variates for some probability
distributions.

Fig. 10 shows a Python code to generate a random
variable, while Fig. 11 shows the Python code for random
variate from an exponential distribution.



In [1]: Slide Type - v

# Generate random numbers between [0, 1]
import random
import matplotlib.pyplot as plt

random_list = []

for i in range(@, 1000000):
n = random.random()
random_list.append(n)

plt.hist(random_list, bins=10@)
plt.show()

10000

Fig. 10. Random variable generation.

In [2]: Slide Type v

# Random variate generation from exponential function.
import numpy as np
import matplotlib.pyplot as plt

random_list_exponential = []
arrival_rate = 3

for i in range(@,1000000):
n = np.random.exponential(1/arrival_rate)
random_list_exponential.append(n)

plt.hist(random_list_exponential, bins=10@)
plt.show()

100000

80000

60000

40000

20000

0

00 05 10 15 20 25 30 35 40
Fig. 11. Random variate generation from the exponential function

H. Week 9: Input Modeling

Input modeling is the driving force for any simulation.
Input modeling involves collecting data, identifying a
probability distribution, choosing parameters of the
distribution, and evaluating the distribution with the
associated parameters for the goodness-of-fit. Choosing
appropriate distributions for input data is a major task from the
standpoint of time and resource requirements. Erroneous input
data models lead to output data whose interpretation gives
misleading recommendations. The objectives of the lecture
are:

¢ Define input modeling.
e Identify the four steps for developing input models.
® Apply goodness-of-fit tests.

Even though this lecture is mainly theoretical, most of the
goodness-of-fit tests are readily available in Python, and we
used them to run some examples. For example, the code in
Fig. 12 presents the Kolmogorov-Smirnov test for two sample
datasets.

In [1]: # Kolmogorov-Smirnov test for two sample dataset.

import numpy as np

from scipy.stats import ks_2samp

#generate two datasets

datal = np.random.randn(1€@) #Standard Normal distribution.
data2 = np.random.lognormal(3, 1, 18@) # Lognormal distribution.

ks_2samp(datal, data2)

Out[1]: Ks_2sampResult(statistic=1.0, pvalue=2.2087606931995054e-59)

Fig. 12. Kolmogorov-Smirnov test for two datasets

1. Week 10: Verification, Calibration, and Validation of
Simulation Models

Any simulation work is not complete without verification
and validation. Validation ensures that the model accurately
represents the actual system behavior concerning simulation
goals and increases the model’s credibility. Validation is
concerned with building the correct model, while verification
concerns building the model correctly. Verification
guarantees that the model is implemented correctly in the
simulation software and that the input parameters and the
logical structure of the model are represented accurately. The
main objective of this lecture is to describe the methods used
in the verification and validation process. We found that
Jupyter Notebook is a good tool for working on the
verification and validation processes. We divide the code into
cells in a modular format and test each cell separately for
verification. Therefore, before moving to the next module, we
confirm that the previous model is correct and supplies
accurate results. While developing the code and applying the
verification process, we create cells to discuss the input
parameters and output results and validate the model,
especially when the model is stochastic and produces different
output. Jupyter Notebook provides powerful functions to plot
the input and output data and make informative analyses and
decisions.

J. Week 11: Performance measurement in simulation-
based environments

The output data from a simulation exhibits random
variability when random-number generators are used to
produce the values of the input variables. Two different
streams or sequences of random numbers produce two sets of
different outputs. Therefore, there is a need for statistical
output analysis based on the observation. As we stated,
Jupyter Notebook is a collection of libraries and functions that
produce results in different formats, making it easy to analyze
and make decisions about the input parameters and the model.
Several examples from the textbook [16] were given in this
lecture. Then the students coded these examples in Python and
produced output results in different formats. The students then
used discussion cells to compare the results and validate the
model. One important and confusing task, what is a
confidence interval? How do we find it? There is one example
in the lecture that calculates the analytical value of the
confidence interval. The example uses the percentage points
of the t distribution with v degrees of freedom, as shown in
Table A.5 in the textbook [16]. To make this example more
concrete and clearer, we implemented the same example in
Python and found the confidence interval very close to the
analytical one. Fig. 13 shows the code to find the confidence
interval of the example given in the class with a true mean of
2.64 and variance of 2.28.



3] Siide Type

wg), scipy.stats.sen(ua)
.stats.t.ppf((1 + confidence) / 2., replications-1)
print(m, m-h, msh)

2.6425 -0.9827979483715112 6.267797948371511

Fig. 13. Confidence interval

K. Week 12: Monte Carlo Simulation

Finally, we cannot leave this course without touching
Monte Carlo simulation as some students might use them in
their research studies. Monte Carlo simulation is a scheme that
employs random numbers, which is used to solve certain
stochastic and deterministic problems. The main objectives of
this lecture are:

¢ Define Monte Carlo Simulation.
¢ Evaluate integrals with Monte Carlo simulation.

e Apply Monte Carlo simulation to deterministic
problems.

e Apply Monte Carlo simulation to stochastic
problems.

Three analytical examples and one in-class exercise were
given in this lecture. Then the students simulated the examples
in the exercise in Python using Jupyter Notebook. After
running the simulation code and seeing the results, the
students defined and absorbed the concepts. For example, to
evaluate the integral of sin x in the interval [0, 7], which is 2
in elementary calculus, with Monte Carlo simulation, we run
the following code shown in Fig. 14.

In [3]: Slide Type v
# Integral of sinx.
import numpy as np
num_samples = 16000
y_sum = @
for i in range(num_samples):
y = np.pi * np.sin(np.random.uniform(@, np.pi))
y_sum = y_sum + y
print("Y = {}".format(y_sum/num_samples))

Y = 2.0016422384245938

Fig. 14. Integral of sin x using Monte Carlo simulation

The student had a chance to implement the code on their
computers and change the number of samples to get closer
results. As Mote Carlo simulation involves running a large
number of samples to converge to the analytical result, the
code will take a long time to finish. Therefore, I introduced
the topic of the Spark Programming Model [20]. The Spark
programming model will exploit the processor's multi-cores
and run the program faster. We executed one of the examples
without Spark and with Spark and noticed the difference in
execution time. This feature was seamlessly implemented in
Jupyter Notebook and exploited. Fig. 15 shows the code for
using Monte Carlo simulation to find the value of 7.

Side Type -

3.14173348
0.0:0.0:31.831026792526245

Fig. 15. Program to use Monte Carlo to find the value of &

IV. DISCUSSION AND BEST PRACTICE

After teaching the course twice with Jupyter Notebook,
my impression and experiences are fascinating. This
experience encouraged me to write this paper and share my
experience. Jupyter Notebook is a great tool for teaching
engineering courses online and offline. The capabilities of
Jupyter augmented with the add-ins provide an excellent
environment for teaching and learning. As Jupyter is still
under investigation and adoption for teaching and learning,
different communities need to report their experiences and
pitfalls of Jupyter to consider in the updated versions. For
example, the authors in [21] stated that as Jupyter notebooks
have grown, so has criticism of the notebook, and they stated
some of the reasons. Another group developed useful tools
that can be used with the Jupyter Notebook, such as automatic
grading [22][23]. Pimentel et al. [24] thoroughly analyzed the
quality and reproducibility of Jupyter Notebooks and
identified some issues. Then they suggested a Jupyter Lab
extension that identifies potential issues in notebooks and
suggests modifications that improve their reproducibility.

The literature on using Jupyter Notebook is growing, and
most are recent. Our thoughts in using Jupyter Notebook for
the first time is that it needs careful preparation and
competency in some tools such as programming, LaTeX,
Markdown, HTML, etc. For people in engineering, this
competency, to some extent, is available. Still, people from
other specializations might need the help of competent
people. At first, even for us, the task of developing the course
in Jupyter Notebook was time-consuming and sometimes
frustrating, especially when you develop while you teach.
We, however, have to admit the results were compelling and
rewarding.

The most time-consuming part is to program in LaTeX
and format the Jupyter Notebook to deliver it seamlessly. The
add-ins in the “nbextensions” are useful, like RISE for a
slideshow, Table of Contents, Equation Auto Numbering,
Spell Checker, etc. We used most of the extensions that made
our presentation very effective. The feedback from the
students was very positive and encouraging. We asked the
students to use Jupyter Notebook for all class work,
homework, and the term project. We admit that students
faced some problems at the beginning of the course as they
should learn how to use Jupyter and the associated tools. But
they picked them quickly and became experts in them to the
extent that they scribed the notebooks, improved their format,
and added more code examples.

We believe that courses like this, which at first seem
difficult to prepare, open the doors to more challenging and



novel experiences. The hands-on aspect that could be
replicated and performed at a self-determined pace invites
and allows students to have a more thorough experience. In a
time like this, where universities are open to hybrid and
online teaching, Jupyter has proven to be a handy tool.

V. CONCLUSIONS

In this innovative research practice, we presented our work of
developing the modeling, simulation, and performance
evaluation course that we teach to graduate students online.
This move was due to the pandemic of COVID-19. But this
experience could be further developed to continue in normal
situations. The course may include more exercises with auto-
grading. The format and appearance of the notebooks can be
improved. The experience we gained and the feedback from
the students will encourage us to continue developing the
course. In future work, we plan to make the notebooks
available on GitHub for the different communities to benefit
from and receive more feedback and improvements.
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