This article was downloaded by: [216.73.216.139] On: 13 July 2026, At: 22:37
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

INFORMS Transactions on Education

[
E r
e Publication details, including instructions for authors and subscription information:
I | ”)f http://pubsonline.informs.org

*g r.r] M Spreadsheets as a Tool for Teaching Simulation
rr_ : ’g o & |
I ! - James R. Evans,

Voy L g |
REE
ﬂ | e

To cite this article:
James R. Evans, (2000) Spreadsheets as a Tool for Teaching Simulation. INFORMS Transactions on Education
1(1):27-37. https://doi.org/10.1287/ited.1.1.27

=il
\“
~pud

Full terms and conditions of use: https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-
Terms-and-Conditions

This article may be used only for the purposes of research, teaching, and/or private study. Commercial use or
systematic downloading (by robots or other automatic processes) is prohibited without explicit Publisher approval,
unless otherwise noted. For more information, contact permissions@informs.org.

The Publisher does not warrant or guarantee the article’s accuracy, completeness, merchantability, fitness
for a particular purpose, or non-infringement. Descriptions of, or references to, products or publications, or
inclusion of an advertisement in this article, neither constitutes nor implies a guarantee, endorsement, or support
of claims made of that product, publication, or service.

Copyright © 2000, INFORMS

Please scroll down for article—it is on subsequent pages

informs.

With 12,500 members from nearly 90 countries, INFORMS is the largest international association of operations
research (O.R.) and analytics professionals and students. INFORMS provides unique networking and learning
opportunities for individual professionals, and organizations of all types and sizes, to better understand and use
O.R. and analytics tools and methods to transform strategic visions and achieve better outcomes.

For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org



http://pubsonline.informs.org
https://doi.org/10.1287/ited.1.1.27
https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-Conditions
https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-Conditions
http://www.informs.org

Downloaded from informs.org by [216.73.216.139] on 13 July 2026, at 22:37 . For personal use only, all rights reserved.

EVANS
Spreadsheets as a Tool for Teaching Simulation

Spreadsheets as a Tool for Teaching
Simulation

James R. Evans
College of Business Administration
University of Cincinnati
Cincinnati, Ohio 45221, USA

evansjr@email.uc.edu

Abstract

Simulation can be a difficult subject to teach, as
most commercial software requires learning new
approaches and time is limited, particularly in
business overview courses. Spreadsheets have a
distinct advantage in that most students
developed a high level of expertise prior to taking
management science courses. As such, they
provide an ideal platform on which to learn the
basics of simulation methodology. In this paper,
we describe the use of spreadsheets as a tool for
teaching simulation for both pure Monte-Carlo
approaches (focusing on the advantages of using
Excel add-ins), and for simple systems simulation
models such as queueing.

Simulation models are logical descriptions of the
interrelationships among elements of a decision
problem, or the sequence of events that occur in a
system over time. They capture probabilistic
behavior and allow one to estimate key statistics
such as means or tail probabilities of distributions
that cannot be derived analytically. Simulation
models can be categorized into two broad
categories. Systems simulation models capture the
dynamics and behavior of interacting elements of
a system, such as a manufacturing facility or call
center. These models are driven by changes that
occur in the system over time. Monte-Carlo
simulation models, on the other hand, are time-
independent. They involve repeated sampling
from probability distributions of model inputs to
characterize the distributions of model outputs.
Monte-Carlo  simulation  models  generate
distributions of potential outcomes of key model
variables along with their likelihood of
occurrence.

Simulation has been an important tool in
management science throughout its history. Most
applications of simulation have revolved around
dynamic systems -- for instance, inventory
control, project planning, queueing and
scheduling, production, material handling and
logistics, and service and communication systems
[Pritsker, et al., 1994]. Although Monte-Carlo
simulation has been around for decades, it is only
recently that practitioners have demonstrated a
renewed interest in the subject, particularly for
risk assessment applications [Nichols, 1994;
Whitford, 1997]. Risk simulation has become a
significant tool in finance and marketing analysis,
as well as other areas of application. The principal
focus on simulation in most engineering schools
has been on dynamic systems, while many
business  schools emphasize = Monte-Carlo
simulation. However, much cross-over exists, as
Monte-Carlo simulation finds useful applications
in engineering systems, and business process
reengineering relies on dynamic system models.

Implementing system simulation models typically
requires a commercial simulation package such as
SLAM, Arena, Extend, SIMSCRIPT, or GPSS.
While these powerful packages offer many
significant advantages to commercial users, they
can often be difficult to introduce in survey
courses in management science, primarily because
of the time involved in learning the terminology
and procedures required to run the software
Although  “point-and-click”  object-oriented
approaches have alleviated this significantly,
commercial packages still require a high amount
of startup, particularly in a short academic term
for an introductory overview course.

Spreadsheets, on the other hand, offer many
pedagogical advantages for learning simulation.
These include

e Rapid start-up -- Because the basics of
spreadsheets are taught in introductory
courses such as accounting or statistics,
students can easily understand model
implementation issues in simulation.

e Integrated graphics -- Spreadsheets allow
users to quickly and easily develop
visualizations of data, and gain useful
insights that typical simulation output does
not provide.
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e Dynamic updating -- New results can be
immediately obtained as data are changed.
Of particular interest from a teaching
perspective is the dynamic updating of
graphs and charts as new results are
obtained.

e Statistics integration -- A full complement
of statistical tools and functions allow users
to perform on-the-spot analyses of results
without having to transfer data to other
software packages.

Monte-Carlo simulation is particularly well-suited
to spreadsheet models. In fact, we conjecture that
the recent popularity of Monte-Carlo risk analysis
methods is due to technology advances: powerful
desktop computers and user-friendly software
designed around spreadsheets, such as Crystal
Ball and @Risk.

The purpose of this paper is to discuss some key
issues associated with teaching simulation
methods using Excel spreadsheets and to provide
some illustrative examples. We will discuss both
Monte-Carlo simulation as well as dynamic
systems simulation, focusing on implementation,
advantages, and limitations.

Building Spreadsheet Simulation Models

In general, building a simulation model involves
the following steps:

1. Formulating the problem to determine the
objectives of the simulation study, the
system performance measures to be
computed, and the scenarios to be
evaluated. A scenario is any specification
of the controllable inputs, that is, a
particular variation of the system that we
wish to study. By comparing the
performance of different scenarios, we
expect to be able to draw conclusions as to
which scenario is the best, if indeed there is
a significant difference.

2. Developing a logical model of the system
under study that describes key events and
actions that take place. Visual models
provide the basis for implementing the
simulation model on a spreadsheet. For

28

systems simulations, the model is usually
described with a flowchart; for Monte-
Carlo simulations, one often uses an
influence diagram.

3. Specifying  probabilistic ~ assumptions
needed to drive the simulation, that is, the
probability distributions of input variables.
If historical data are available, we can use
the empirical distribution to drive the
simulation, or fit the data to a theoretical
distribution using data fitting techniques. If
not, then a distribution must be selected
judgmentally.

4. Implementing the model on a computer to
perform the necessary calculations required
to evaluate the distribution of model
outputs. One of the advantages of using
spreadsheets is that an experienced
spreadsheet user can develop a model
rapidly by exploiting the built-in functions
and structure of the spreadsheet.

We first illustrate an example of a Monte-Carlo
simulation model using the capabilities of Excel
as the simulation driver. Figure 1 shows a simple
newsboy simulation with a demand distribution
that is normal with a mean of 60 and standard
deviation of 10. The basic data are given in the
range Al:B9. Random normally-distributed
demands in cell B8 can be generated using the
Excel formula =NORMINV(RAND(),60,10)
(although we assumed a continuous distribution,
the random variate can easily be made discrete).
Of course, any mechanism for generating random
variates for the proper distribution can be used.
This 1s, however, one of the limitations of Excel.
Although Excel provides a random number
generation routine through the Analysis Toolpak;
the scope of available distributions is very limited.
In many cases, the user must explicitly write a
formula for generating random variates using the
RAND() function, similar to the way one needs to
implement simulations using general purpose
languages such as FORTRAN or BASIC. Such
generating formulas can be found in many
simulation texts; for example, Law and Kelton
(1991).
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A [ B c D E | F el ]

1 |Newsboy Simulation Trial Order Quantity
2 $ 270.00 40 50 60 70 80 90
3 [Selling price $ 12.00 11 180 | $ 225 | $270 | $259 | $255 | $226
4 |Cost $ 7.50 2/ $ 180 | $ 225 | $270 | $313 | $291 | $181
5 |Discount price | $ 6.00 3/ 9% 180 | $ 225 | $210 | $223 | $131 | $231
6 4% 180 | $ 215 | $236 | $315 | $273 | $241
7 _|Order Quantity 60 5% 180 | $ 225 | $221 | $259 | $209 | $110
8 |[Demand 60.80222 6/ % 180 | $ 225 | $196 | $187 | $126 | $123
9 |Profit $270.00 7/% 180 | $ 225 | $270 | $269 | $281 | $243
10 8% 180 | $ 152 | $230 | $257 | $233 | $237
11 9% 180 | $ 136 | $256 | $238 | $278 | $237
12 10/ $ 180 | $ 225 | $270 | $195 | $295 | $238
13
14 Average| $ 180 | $ 208 | $243 | $251 | $237 | $207
15 Std. Dev. 0| 33.832| 28.09| 43.05| 63.29, 50.9
16 cv 0.00 0.16/ 0.12] 0.17] 0.27] 0.25
17
18
19
;? $350 0.30
> $300 - S 025 .

= [}
23 ;9: $250 A L 0.20 :-E
25 S $150 1 2

o |
33 & 5100 | 0.10§

50 - 0.05

28 $ | i
29 $- 0.00
30 1 2 3 4 5 6
31 == Average profit ™ ™=Coeff. Of Variation
32
33
34

Figure 1: Spreadsheet model and data table simulation of a newsboy problem

The actual simulation is implemented using the
Excel Data Table feature in cells D1:J12. Each
row corresponds to a single trial, and each column
evaluates an alternative order quantity. In this
sense, Excel provides a significant advantage over
general-purpose programming or simulation
languages that would require the evaluation of
each alternative independently within a
programming loop. Several authors, such as
Plane (1994), Ragsdale (1998) and Winston and
Albright (1997) have described how data tables
can be used to replicate samples in a Monte-Carlo
fashion by selecting a blank cell for the column

29

input cell in the Excel dialog box. (The row input
cell would be the order quantity, B7.) However,
another Excel limitation is that it does not allow
one to set a random number seed to control the
stream of random numbers. Thus, each column
represents an independent sample, and statistical
techniques for variance reduction cannot be used.

Summary statistical information in the range
D14:J16 is derived from standard Excel functions.
These statistics can be graphed easily using the
Excel charting procedure as shown in Figure 1.
The integrated graphical features of spreadsheets
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provide simple interpretations of the output data;
in this example, we see that as the order quantity
increases, so generally does the coefficient of
variation, indicating a relatively higher level of
risk to reward.

From a pedagogical perspective, graphics also
provide the ability to illustrate variation associated
with simulation output easily. For example, by
pressing the F9 key, the entire simulation is
replicated, allowing one to show changes in the
output. For this example, repeated simulations
will show different optimal order quantities and
relative risk levels. In this fashion, students may
begin to obtain a sense of risk associated with the
recommendations from a simulation. These
concepts can be easily tied into prior statistical
concepts such as sampling from populations and
the standard error of the mean.

We have noted some of the limitations of brute-
force Excel simulations like this example. The
major limitations are the lack of automation of the
replication process and easy ability to analyze
results. Fortunately, these are alleviated by add-
ins such as Crystal Ball, which we discuss next.
Add-ins also offer extensive random variate
functions unavailable in Excel and the ability to
develop customized applications through Visual
Basic.

Crystal Ball for Monte-Carlo Risk Analysis

Crystal Ball is a simulation add-in to Microsoft
Excel, and provides a far higher degree of
flexibility and user-friendliness than using Excel
alone. Crystal Ball, a product of Decisioneering,
Inc., automates some of the more complex tasks
required in Monte-Carlo simulations, such as
generating random variates, replicating the
spreadsheet, aggregating results, and computing
statistics.

Crystal Ball requires the specification of two sets
of cells in a spreadsheet model:

1. Assumption Cells - cells that represent
uncertain inputs in the simulation model,
and which are defined by some probability
distribution

2. Forecast Cells - cells that represent the
outputs of the simulation model

Selecting Define Assumption from the Crystal
Ball menu will invoke the Crystal Ball
Distribution Gallery (Figure 2) which will allow
you to select the appropriate probability
distribution and parameter settings. A variety of
known distributions are available as well as the
capability of defining a distribution from
empirical data. The Distribution Gallery

eliminates the need to write explicit functions for
random variate generation. Crystal Ball also
includes a data fitting capability that estimates
best fits and parameter values for driving the
simulation.

Cell B8: Distribution Gallery

Hormal Tnangular

il |l

Poizzon Binomial

Lognormal Uniform

Exponential Geometnic

Weibull Beta

Hypergeometric Custom

r

Qancell More | Eit... | Help |

Figure 2: Crystal Ball Distribution Gallery screen
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Implementing the newsboy simulation in Crystal
Ball requires only specification of the basic model
parameters in cells A1:B9 in Figure 1. Cell B8 is
defined as an assumption cell with a normal
distribution chosen from the Distribution Gallery.
A data table can be used to evaluate a range of
decision variables, with each entry in the data
table being defined as a Crystal Ball forecast cell.

Crystal Ball generates a forecast window for each
forecast cell, an example of which is shown in
Figure 3 for 1000 trials. The spike in the
distribution corresponds to the profit associated
for demands exceeding the order quantity of 80.
The forecast window can be manipulated
graphically to evaluate probabilities for specified
ranges or to evaluate ranges for certainty levels.
In addition Crystal Ball provides basic statistical
information as shown in Figure 4.

A | B c D E F G H
1 |Newsboy Simulation
2 Data Table
3 |Selling price $ 12.00 Order Qty | $ 254.96
4 |Cost $ 750 40
5 |Discount price | $ 6.00 50 Crystal Ball
6 60 forecast cells
7_|Order Quantity 70 70
8 |Demand 59.9939 80
9 _|Profit $ 254.96 \ 90
10
11 Crystal Ball
12 assumptiqn cell
13 |

i3l &5 Forecast: Q=80 [_ O] |

15| Edit Preferences Wiew Bun Help

16 1,000 Trials Frequency Chart Z Qutliers

17 026 - - 26

18

19 1 g1 A R L 195

12 m :
— y]

R — 1 Rt 111111 1 1 e R 12 =

2 R :
=

ZACH I R S S L 55 @

z IR

25 000 L0

;s $£7R.00 $£150.00 $226.00 F300.00 $£375.00

28

29 » I—Ini‘init*,,-r Certainty 1I]I].I]I] % 4 |+In’finit3,-r

30

31

Figure 3: Crystal Ball newsboy simulation
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IEI Forecast: Q=80 =] |
Edit Preferencez Wiew Run Help
Cell EB Statistics
Statistic Walue

Trials 1.000
Mean $239.48
Median $239.81
Mode $360.00
Standard Dewiation 30886
Y arance $3.454.10
Skewness 013
Furtosis 277
Coeff. of W ariability 0.25
Fiange Minimum $23.69
Ranage b asirum $380.00
Range width $336.31
kean Std. Ermar $1.86

Figure 4: Crystal Ball statistics for newsboy simulation

A summary of other salient features of the
software is given below.

e In addition to the distribution gallery,
Crystal Ball provides a set of functions that
may be used as any other Excel function for
generating random variates and accessing
output information for customized reports.

e A (distribution fitting procedure allows
ranked comparisons of goodness of fit to
distributions in the Distribution Gallery.

e Assumptions may be correlated with each
other.

e Multiple forecasts may be superimposed on
a single chart for comparisons.

e Trend charts show probability bands for
multiple forecasts, particularly useful for
those over time.

e A sensitivity chart option shows the impact
of assumption cells on forecast values.

e Custom reports in Excel may be easily
created.

e Random number seeds may be defined to
facilitate variance reduction.

32

These features provide a powerful tool for
developing and evaluating probabilistic models.
Moreover, the software is extremely easy to learn
with minimal guidance. In addition, the latest
version, Crystal Ball Pro, includes OptQuest, a
neural-network-guided search procedure that
allows the user to perform optimization of
selected statistics using Crystal Ball models.
Using OptQuest, for example, one could identify
the best order quantity easily for the example in
Figure 3 without requiring the use of data tables.
This is especially useful if the range of the
decision variable is large, or if more than two
decision variables are defined. The reader is
encouraged to visit Decisioneering's web site:
www.decisioneering.com| for further information.

Dynamic Simulation Models

Spreadsheets clearly do not have the flexibility to
model many practical problems involving
dynamic systems. Nevertheless, it is not too
difficult to model basic queueing and inventory
systems to provide a simple and convenient way
to introduce these topics and illustrate basic
concepts. These avenues have been explored by
Winston (1996), Evans and Olson (1998), and
Grossman (1998).
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Figure 5 shows a process-oriented spreadsheet
model for a single server queueing system with
Poisson arrivals and exponential services (an
event-oriented model can also be developed). The
model simulates 500 customers. The logic is
relatively straightforward except for computing
the number in the queue in column F. This
column shows the number in the queue at the time
of arrival of each customer. This can be used to
approximate the average number in the queue as a
function of time. It is important to recognize that
service completions are not explicitly represented

in a strict chronological fashion along with
arrivals as would be done in an event-oriented
simulation. Nevertheless, this information can be
used to develop a graph showing the transient and
steady state behavior of the queue as shown in
Figure 6 by mapping the average number in the
queue against the time of each customer arrival.
The solid horizontal line is the expected value at
steady state using standard analytical formulas
(cell B8 in Figure 5). Similar graphs for average
percent idle time and average waiting time can be
developed as shown in Figures 7 and 8.

A B c D E F G H Ll K_|
L Single Server Queueing CUSTOMERTIME BET|ARRIVAL [INUMBER |START |SERVICE COMPLETION\L\NAIT IDLE
2 [Simulation Spreadsheet ARRIVALSTIME IN QUEUETIME TIME TIME TIME |TIME
3 0.00
4 1 0.1312 0.1312 0.0000| 0.1312| 0.0222 0.1534 10.0000| 0.1312
i Mean arrival rate 2 2 0.2425 0.3737 0.0000| 0.3737| 0.6955 1.0692 [0.0000 | 0.2203
6_|Mean service rate 3 3 0.4404 0.8140 1.0000 1.0692 1.0056 2.0748 10.2552 | 0.0000
7 4 0.1918 1.0058 2.0000| 2.0748| 0.1176 2.1924 11.0690 | 0.0000
8 [Expected No. in Queue |1.333 5 1.3260 2.3318 0.0000| 2.3318| 0.9426 3.274310.0000 | 0.1394
9 |Expected Waiting Time | 0.667| 6 0.0377 2.3695 1.0000| 3.2743| 0.0475 3.3218 10.9049 | 0.0000
10 |Expected % idle time 33% 7 1.0546 3.4241 0.0000| 3.4241 0.2447 3.6688 10.0000 | 0.1022
11 8 0.7618 4.1859 0.0000| 4.1859| 0.0847 4.2705 [0.0000 | 0.5171
12 9 0.3542 4.5400 0.0000| 4.5400| 0.1184 4.6584 [0.0000 | 0.2695
_13] 10 0.9278 5.4679 0.0000| 5.4679| 0.2208 5.6887 10.0000 | 0.8094
L M N 0 P
AVERAGE CUMULATIVE |[AVERAGE |CUMULATIVE |AVERAGE
NO. IN QUEUE |WAIT TIME WAIT TIME |IDLE TIME % IDLE TIME
0.0000 0.0000 0.0000 0.1312 86%
5 0.0000 0.0000 0.0000 0.3515 33%
6 0.5410 0.2552 0.0851 0.3515 17%
0.8191 1.3241 0.3310 0.3515 16%
0.3533 1.3241 0.2648 0.4909 15%
0.3636 2.2290 0.3715 0.4909 15%
0.2516 2.2290 0.3184 0.5932 16%
11 0.2058 2.2290 0.2786 1.1102 26%
0.1898 2.2290 0.2477 1.3797 30%
13 ] 0.1576 2.2290 0.2229 2.1891 38%

Figure 5: Spreadsheet model for process-oriented queueing simulation
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Average no. in queue

25

2.0 1

1.5

1.0 1

0.5 A

0.0

time

Figure 6: Approximate time plot of average number in queue

120%

80%

60%

Y-Axis

0%

100%

40%

20% [

Average % Idle Time

500 Customers

1 18 35 52 69 86 103 120 137 154 171 188 205 222 239 256 273 290 307 324 341 358 375 392 409 426 443 460 477 494

Customer

Figure 7: Graph of average percent idle time
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Average Waiting Time/Customer

500 Customers

1.0000

0.9000

0.8000
0.7000

0.6000

0.5000

0.4000

0.3000

0.2000

0.1000

0.0000

1 18 35 52 69 86 103 120 137 154 171 188 205 222 239 256 273 290 307 324 341 358 375 392 409 426 443 460 477 494

Customer

Figure 8: Graph of average waiting time

Here again, the ability to replicate the entire
simulation by pressing the F9 key allows one to
illustrate that individual simulations will vary
considerably during the transient period, yet
eventually approach the steady state expected
value. The models can also be used to examine
the sensitivity of results to changes in parameters
such as the arrival or service rates.

Crystal Ball can be used to automatically
replicate the entire queueing model to show the
distribution of queueing statistics as illustrated in
Figure 9. One need only define the last value in
columns L, N, and P in Figure 5 as forecast cells

35

(no assumption cells are needed as the stochastic
assumptions are built into the formulas for the
arrival and service times). As Figure 9 illustrates,
the average number in the queue over the 500-
customer simulation varies considerably, from
0.45 to over 4; however, the average is very close
to the expected value of 1.33. Such an analysis
provides useful insights into the nature of
variability in dynamic phenomena and the
relationship with analytical steady state results.
Such high-volume replication 1is essentially
impossible to perform using commercial
simulation packages like SLAM or Arena.
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B3 Forecast: Average number in queue !lil

Edit Preferencez View Fun Help
1,000 Trials Frequency Chart 24 Qutliers
1033 A P33
1 | | L 247
£ T
= 0
L TS
= o
= =
"ol ., o
000 - L 0
0.2500 0.3125 1.3750 1.9375 2.5000
2 |—Im‘init‘3..|r Certainty I 00.00 g- T |+Im‘init‘3,|r

IEI Forecast: Average number in queue !EI

Edit Preferencez View Fun Help
Cell L503 Statistics
Statiztic Yalue

Trialz 1.000
bean 1.3233
tedian 1.2440
tode
Standard Deviation 0.4502
Y arance 0.2026
Skewness 159
k.urtosis 769
Coeff. of W anability 034
A ange kinirmum 04547
F ange b asimum 42016
A ange Wwidth 37459
tean Std. Ermar noaz

Figure 9: Crystal Ball simulation results for single server queuing model

Nevertheless, the limitations of using spreadsheets
for dynamic systems are obvious:

e Spreadsheets cannot be used for more
complex and realistic problems.  For
example, while it is possible to implement
multiple server queueing models and
various inventory models, the spreadsheets
become large and complex, requiring
formulas often beyond the ability of novice
spreadsheet users, and cannot be changed

36

simply by changing one parameter in the
model.

Non-event-oriented models make it difficult
to plot time persistent output variables
precisely as functions of time, limiting the
scope of results that can be obtained.

Spreadsheets lack state-of-the-art animation
capabilities of commercial packages that
are quite useful to establish user-
friendliness and face validity.
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Despite these limitations, simple dynamic
spreadsheet models can be useful teaching tools to
introduce dynamic simulation.
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