
SEVEN IS A NUMBER that ap-
pears many places in na-
ture, music and religion. 
There are seven oceans, 

seven continents, seven notes on the 
musical scale, seven days of the week 
and many other “sevens.” In this article, 
we will discuss major mistakes; we call 
them the “seven sins of simulation” to 
which many simulation practitioners fall 
prey. Certainly, there could be more, 
and others may find different ones than 
those we cite here. We consider the 

seven major mistakes in this article to 
be like the major causes of problems 
when conducting a Pareto analysis, i.e., 
80 percent of the problems are attrib-
uted to 20 percent of the causes. 

Mistake 1: Focusing more on the 
model than on the problem. As it is 
said, “it’s possible not to see the forest 
for the trees.” Some simulation practi-
tioners get so involved in model build-
ing that they miss the real objective, 
which is to solve the client’s problem. 

They build an elegant model that has 
too many features and too much detail. 
This can occur in several ways. One of 
those ways is modeling aspects of the 
system that contribute little, if anything, 
to the solution of the problem. Another 
way is adding interface features that 
aren’t needed, aren’t requested, but are 
nice cosmetically or operationally. An 
example would be a Visual Basic inter-
face that insulates the model user from 
the model and makes it easy to alter 
and run various scenarios. If the client 
requests such an interface, then build 
it. Otherwise, it can detract from the fo-
cus of the project.

Mistake 2: Providing point estimates.
Simulation models generally have ran-
dom arrivals and random service times. 
There are additional sources of random-
ness that are possible such as break-
downs and path choices. Thus, the 
output is a random variable. Running 
simulation models is the same as con-
ducting a statistical experiment where 
there is randomness. If you were trying 
to learn the effects of water and fertiliz-
er on the growing of corn, you wouldn’t 
simply conduct one trial and report your 
result. The same is true of simulation. 
Don’t conduct one trial and report the 
result because it is highly unlikely that 

the real system is going to react exactly 
like the single simulation run. We as-
sume that the value of a simulation run 
is one of many that come from output 
that is normally distributed. You should 
conduct many trials and perform a sta-
tistical analysis that includes a confi-
dence interval or a precision interval. 

Mistake 3: Not knowing when to 
stop. “A simulation model should be 
small, but not too small. A simulation 
model should be big, but not too big.” 
Somewhere between those extremes is 
a happy medium. In this “mistake” how-
ever, we are looking at the second part 
of the statement. The simulation model 
should be big enough (sufficient scope 
and detail included) to respond to the 
questions asked in an appropriate man-
ner. But, there is no need to continue to 
refine the model after that point. Some 
simulation practitioners have great dif-
ficulty in stopping the model refinement. 
The model becomes larger and larger 
and the verification and validation of 
the model becomes more and more 
difficult. 

Think of the modeling effort as follows: 
Say that 80 percent of the accuracy can 
be obtained with 50 percent of the effort. 
Another 10 percent can be gained with 
25 percent more of the effort. Another 5 
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percent can be gained with the remain-
ing 25 percent of the effort. To go from 
95 percent to 99 percent accuracy may 
require the same amount of funds that 
have already been expended. And, to go 
from 99 percent to 99.9 percent requires 
an equivalent input of funds. To go from 
99.9 percent to 100 percent accuracy re-
quires a vast amount of effort, perhaps, 
the replication of reality!

On the other hand, many simulation 
practitioners stop the verification and val-
idation effort far too short. Since it’s not 
possible to declare a simulation model to 
be verified and/or validated, many tests 
should be applied to achieve the assur-
ance that the model can be used as a 
representation of reality.

Somewhere, it’s time to stop the mod-
eling effort and the verification and vali-
dation process. If the future of the nation 
depended on the model, a lot of effort 
might be expended. But, that is not usually 
required. Ultimate truth is not affordable.

Mistake 4: Reporting what the cli-
ent wants to hear rather than what the 
model results say. This can occur in 

numerous ways, all of them inappropri-
ate. The simulation practitioner should 
act as a scientist, gathering informa-
tion, analyzing it and reporting it factu-
ally. But, in order to please the client, 
to help the client prove a point, or, for 
whatever reason, there are those that 
will distort the model results. 

It can occur somewhat innocently, 
such as the statement made by the 
decision-maker, “Show that we can 
achieve the desired throughput,” with 
the simulation practitioner doing what-
ever is needed to the model to make 
that dream come true. Or, it can occur 
upon using clearly false input such as 
the reliability of a piece of equipment 
that is reported to have a 99.99 percent 
uptime when the simulation practitio-
ner has observed the same piece of 
equipment in a down state numerous 
times, and knows that the high rate of 
uptime is just some advertising ploy. 
Or, it can be a political issue where 
two managers are arguing about a 
process and the simulation practitio-
ner works for one of the managers. In 
his or her zeal to curry favor with the 
manager, the simulation practitioner 
reports whatever outputs bring favor 
on the position of his or her manager. 
Whatever the cause, deliberate or in-
nocent, it’s a mistake!

Mistake 5: Lack of understanding 
of statistics. This mistake has lots of 
roots and lots of consequences. Virtu-
ally all simulation software has output 
analysis capability. But, many simula-
tion practitioners don’t take advantage 
if it. The reason is that they don’t under-
stand it! And, they might get a question 
from their manager like the following, 
“What does a Type I error of 0.05 really 
mean?” They might have been able to 
answer that question when they studied 

statistical methods, but they can’t recall 
the answer now. If they do answer, it is 
likely that they will get it wrong. 

Then, there are more subtle points of 
statistics, such as in multiple compari-
sons of confidence intervals, how do 
you know when there is no significant 
difference between two of them? Here 
is a concrete example: There are three 
speeds for a machine to accomplish a 
task. We call them Speed A, Speed B, 
and Speed C. The speeds are normally 
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distributed with means and standard 
deviations. Which of these machines 
will result in the lowest expected wait-
ing time if the arrivals are exponentially 
distributed with a mean of 50 seconds? 
You asked for the confidence intervals 
for differences in means between Ma-
chines A versus B and Machines C ver-
sus B. How do you know if no statistically 
significant differences are present? The 
answer is that there is no statistical sig-
nificance if zero is in the interval. Think 
about that. Ask your local statistician if 
it doesn’t make sense. 

There are many questions like this 
in statistics. When do we use a t-test 

versus using the normal 
test? What’s the differ-
ence between a c2-test 
and an F-test? When do 
I use a two-tailed test 
and when do I use a one-
tailed test? If it’s a one-
tailed test, is it an upper 
or lower? Because these 
questions exist and the 
answer is unclear, many 
simulation practitioners 
may choose to avoid sta-
tistical methods.

Mistake 6: Confusing 
cause and effect. A study 

reported on in the Wall Street Journal
(Sept. 13, 2003) indicated that teenage 
girls who use tanning booths are more 
likely to smoke and drink. But, do the tan-
ning booths cause the behavior, or do 
those teenage girls who are risk takers 
(they smoke and drink) also accept the 
risk of the tanning booth?

Another study concluded that being 
overweight isn’t unhealthy. This was fi-
nally straightened out in Newsweek (Dec. 
11, 2006) among other news media. In 
the Newsweek article, the question was 
whether being thin caused poor health, 
or whether poor health caused thinness. 
The latter view prevailed. 

In their clever book, “Freakonomics,” 
by Levitt and Dubner (2005), many of 
these cause-and-effect relationships 
were discussed. For example, it was 
shown that the presence of books in a 
household is a good indicator of how 
children will perform in school. But, 
don’t rush out and buy a bookcase and 
lots of books if your child is performing 
poorly; it won’t help.

Similarly, with simulation we have 
confusion with cause and effect. A client 

will say something like, “At around 3 
p.m. every afternoon, the entire pro-
duction system (we are discussing a 
production system here, but we could 
be discussing a service system) comes 
to a standstill. Can you simulate that? 
The answer is, “No, that’s an effect, 
we simulate causes.” But, that’s not 
entirely true, we simulate breakdowns 
and those are effects. It would be way 
too difficult to simulate the cause of 
a breakdown. For example, we would 
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be simulating the erosion of a shaft 
in a machine, erosion of the gears 
and so on. So, we take the easy way 
out. We get a distribution of time be-
tween failure and time to repair, and 
we simulate the effect. The trick is to 
know when it is acceptable to simu-
late effects and when we must simu-
late causes.

Mistake 7: Failure to replicate real-
ity. We will explain this mistake using 
breakdowns (again, a similar discus-
sion could be carried on for a service 
system) as an example. There are 
many ways to simulate breakdowns. 
And, these are very crucial to real-
ity in a simulation model. Let’s say 
that a machine is up for an average 
of 48 minutes, and down for an aver-
age of 12 minutes. Now, we provide 
some complications. What happens 
to the load being processed when the 
breakdown occurs? When the break-
down occurs, it could be destroyed, it 
could be sent to another machine for 
processing, processing might need 
to be restarted when the machine 

comes back up, or the load could be 
processed with a different amount of 
time required. The load could be sent 
to another machine with higher prior-
ity, lower priority, or its same priority. 
The objective is to replicate reality, so 
choose wisely.

JUST BY AVOIDING these seven mis-
takes of simulation practice does not, 
of course, guarantee the practitioner 
a path to valid and useful models. 
However, we submit that if the prac-
titioner continues to make mistakes 
such as those discussed in this ar-
ticle, he or she risks meeting simula-
tion project goals, and that could be 
costly, dangerous and a threat to his 
or her career. ❙
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