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9. USING THE MODEL 

 

The modeling process may be, by itself, very useful because the model design forces the 
designer to consider many parts and relations in the system (even though not all are included in 
the model). This provides a profound understanding of the modeled system structure. But almost 
always the model is built to answer some specific questions about the system whose responses 
are important in decision making. Then it is necessary to have some ideas about the degree of 
trust that can be assigned  to the results of the model and the appropriated ways to draw 
conclusions from it.   

 

The practical use of the model have the following aspects: 

1. General check of the behavior. Are the model results coherent among them and with the 
available knowledge about the system?  

2. Output analysis. What are the estimated errors of the results and how may them be reduced? 

3. Sensitivity analysis. How sensitive are the results to changes in the input data? 

4. Comparisons. Validation. How the model compares with some modified  versions of the 
model or with the simulated real system? 

  5. Experiments. How to plan changes in inputs to get the desired information from the outputs? 

6. Optimization. What are the input data that maximizes a given utility function of the results? 

 

 This aspects are not always approached in this order, their relevance may be different in 
different   

 problems and situations, and they are not completely independent. In the following they will be 
discussed in this order and some relations among them are indicated. 

 

9.1 General check of the behavior.  

 The check must be systematic and as complete as possible. The behavior of the model (to 
exhibit certain outputs as results when certain inputs are introduced as data) must show certain 
coherence when it is judged by common sense or by certain knowledge about the system. This 
check is very important because in large complex models, mistakes in the design, data and 
programming are very likely. The check may consist in: 

 

a) General inspection of output. Some preliminary runs are useful to discover gross error and 
abnormal behavior. Graphical output is very helpful to see at a glance changes and broad 
relations among the variables. It is convenient to print, during the run of the model, some 
messages describing important changes in the states or interesting values of some significant 
variables. This literary output is very useful to detect critical behavior, bifurcations and 
structural changes. 
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b) Use of modular design. If the model was programmed in semi-independent modules or 
processes (which is a highly convenient technique) this check can be done considering one 
module and testing it. The inputs that come from the other modules may be maintained 
stationary or they may be given exogenously. The other modules are added one by one, testing 
the results at each addition. 

 

Example 9.1.1. In the simple model of  pedestrians crossing (8.2) it is convenient to test the 
movement of cars between the two traffic lights, without pedestrians and the movement of 
pedestrian without traffic. When it is clear that these processes are  working correctly, add 
pedestrian at the first traffic light, then to the second.  

 

c) If the model has conditionals, i.e. its behavior changes when certain conditions are fulfilled 
the inputs may be selected to made the run of the model to follow all the paths that result from 
these different conditions. The occurrence of the branches may be indicated by literary output.  

 

Example 9.1.2.  In the model of a track in an avenue (8.2) the stopping of traffic flow when the 
track is full must be checked increasing the rate of arrivals of cars or pedestrian that cross at the 
second traffic light. In the production system (7.2.1) the top values in production and delivery 
must be reached by increasing the demand or the parameters that determine the desired demand 
and production. These experiments will show if these sections of the model are correctly 
modeled and programmed.  

 

d) Internal coherence. The final and intermediate results cannot be contradictory or absurd. 

 

Example 9.1.3. In a model of a port the number of arrived ships must be equal to the number 
that exit the system plus those that remain in the system waiting in queues or being served. If the 
simulation time is 1000 hours and the mean inter-arrival time is 4 hours, then the number of 
arriving ships must not very different of 250 and this is also a limit for the queues in which each 
ship enters only once. 

 

e) Changes in the parameters and initial conditions must result in certain expected changes in 
the output. Large changes in inputs must be tried to produce clear changes in the output. This is 
specially required in stochastic models where the changes in conditions may be masked by 
random fluctuations of the variables. In the language of Design of Experiments the data to 
change are called factors that may assume many values or levels. The output variables that 
change are called responses.  

 

Example 9.1.4. In a server system (6.2.2 c), an increase per unit time in the arrivals of entities to 
be served (persons, vehicles, ships, parts, assembled sets, transported items, documents 
dispatched) will increase the length of the queues and the delays in the system. These queues and 
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delays must decrease if the speed of serving is increased. In the production inventory and 
delivery system (7.2.1) an increase in the demand rate must produce a temporary decrease in 
inventory and an increase in the production rate.  

Changing a factor each run may be tedious and cannot detect the interactions of simultaneous 
changes 

Example 9.1.5. In a simple model of an economic system the production P  may be obtained 
from the total capital C and the total labor applied L by the law: 3/23/13 LCP = . If C=27 and L=8 
results in P=36. An increment of 1 in C produces an increment of  0.439 in P. An increment of 1 
in L produces an increment of  2.941 in P. Both increments simultaneously produce an 
increment: 3.416, that is more than the sum of. the increments 3.380.  This is due to interaction: 
the effect of one of the factors on the response depends of the level of the other factor. 

It is convenient to make runs with different values of many factors. This makes the analysis more 
complete, but implies many runs. 

The complete analysis of the effects of k factors: kfff ..., 21  with respective levels klll ..., 21  

requires  klll ××× ...21 experiments. In stochastic models each experiment may require a certain 

number of replications. This may be very expensive in computer time and in many times 
impossible. In DOE there are techniques to reduce the number of experiments. 

 

Screening. In deterministic models is important to detect which factors (data) produce changes 
in the response (result) for the ranges of change of the factors. This knowledge may reduce the 
number of  factors to be considered in future experiments. 

An interesting method is screening that can be used when it is clear what type of change 
(increase or decrease) is produced in the response by a change type (increase or decrease) of each 
factor. 

The method proceed as follows:  

Example 9.1.6. Let us assume in the model of the production System 7.2, that the problem is to 
study the influence on the average delay of delivery (AveDelDly), of  the maximum production 
rate (MaxPro), maximum delivery rate (MaxDly), delay in the production (ProDel) and the 
coefficient that describes the influence of inventory deficit on desired production (CProInvDef). 
The values for the basic experiment for these parameters and the possible intervals of variation 
are:   

 

MaxPro         50      (45 – 55) 

ProDel            6       (5 –7) 

MaxDly        45       (40 - 50) 

CProInvDef   0.20   (0.15 – 0.25) 
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From 16 runs trying all the combinations of the extreme values we found: 

MaxPro            ProDel            MaxDly    CProInvDef     AveDlyDel        MaxInv 
          45.00        5.00       40.00        0.25       1.026     756.829 

          45.00        5.00       40.00        0.15       1.116     690.492 

          45.00        5.00       50.00        0.25       1.026     756.829 

          45.00        5.00       50.00        0.15       1.116     690.492 

          45.00        7.00       40.00        0.25       1.062     750.158 

          45.00        7.00       40.00        0.15       1.202     681.760 

          45.00        7.00       50.00        0.25       1.062     750.158 

          45.00        7.00       50.00        0.15       1.202     681.760 

          55.00        5.00       40.00        0.25       1.026     756.829 

          55.00        5.00       40.00        0.15       1.116     690.492 

          55.00        5.00       50.00        0.25       1.026     756.829 

          55.00        5.00       50.00        0.15       1.116     690.492 

          55.00        7.00       40.00        0.25       1.062     750.158 

          55.00        7.00       40.00        0.15       1.202     681.760 

          55.00        7.00       50.00        0.25       1.062     750.158 

          55.00        7.00       50.00        0.15       1.202     681.760 

An inspection of the results show that only ProDel and CProInvDef have some influence on the 
response AveDlyDel. This analysis by inspection may be difficult if many factors are considered. 

The run of all combinations can be avoided if we know, by the nature of the model or by some 
ad hoc experiments, the direction of the influence of each variable on the response. In this case it 
is clear that an increase in ProDel  will increase AveDlyDel, while the increase of the other 
parameters will decrease AveDlyDel. So we start with the experiments (55,5,50,025) (left side in 
the schema below) to find the minimum and (45, 7,50,0.15) (right side). The different results 
show that at least one factor must be significant for the result. Then we make changes in the first 
and second factors on both sides. When we change ProMax to 45 we see that it is not significant, 
whereas the change of RetPro in the right produce 1.140≠1.230 which show that RetPro is 
significant. Then we try changes in the third and fourth factors.             

              55,5,50,0.25→1.026      1.202←45,7,40,0.15 

                         (there are significant variables)  

                                                                      ↓                           try change in first and second: 

                    1.026←45,5,50,0.25      (MaxPro, ProDel)  45,5,40,0.15 →1.140   

    MaxPro eliminated                                  ProDel    significant    

                                                 ↓   

1.140←45,5,50,0.15  (MaxDly, CProInvDef) 45,5,40,0.25→1.026                                                

     MaxDly eliminated                                     CProInvDef significant 
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Six experiments are enough to find the significant factors. If the response is a stochastic variable 
usually the factors with low influence are eliminated and the comparison of  responses need a 
significance test. In general in each step one half of the factors of the previous step are 
considered 

Other method to see the importance of variables is metamodelling that consists in doing a 
regression model with the results of the model. The response is considered a linear 
combination of the factors, found by linear regression of the factors or of functions of the factors. 
For the above data we found: 

DlyDel=1.15-0.00*MaxPro+0.305*ProDel-0.00*MaxDly-1.15*CproInvDef  

In this equation we see not only what are the significant factors. But also the degree of  influence 
in the response.  For instance a reduction of  half a day in ProDel reduces DlyDel in 0.15 days. 

 

f) In stochastic models changes in the seeds of the random numbers may be tried to 
appreciate the degree of fluctuation in the outputs.  Changing the seed will produce a 
different series (streams) of pseudo-random numbers and the results of the model (even with 
the same input data) will be different. These differences represent the fluctuations caused by 
the stochastic nature of the model, due to the reasons discussed in (6.1). The information 
obtained in these experiments must be recorded to get an idea of the methods to be used in 
the output analysis (9.3 below). 

Example 9.1.7. In a model of a simple queue with arrival times 4.0 and serving time 3.8, both 
taken from an exponential distribution, was simulated for a time of 1000. Using different random 
numbers, 20 replications were run.  The obtained results, for the mean length of the queue, the 
delay of the people in the system, and the maximum length of the queue were: 

Time for each replication: 1000 

Replic.     Length    Mean Delay  Max. L. 
    1    9.2359   34.0671   24 

    2   29.8747   84.6456   56 

    3    2.7829    9.7432   17 

    4   13.4401   47.9359   23 

    5    5.8238   23.4444   18 

    6    4.1123   17.3330   17 

    7    8.9253   31.6191   23 

    8    4.5125   16.3417   15 

    9    6.9903   26.6247   19 

   10   11.6037   45.9327   25 

   11   10.0929   37.6459   25 

   12    3.9495   14.3866   15 

   13    3.9739   15.1133   13 

   14    8.0421   31.3994   23 

   15    2.4668    8.8475   13 

   16   14.9078   52.6812   36 
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   17    5.3058   17.6855   20 

   18   17.3705   63.9370   30 

   19   15.7611   58.7605   28 

   20    9.8714   34.2701   23 

Means       9.4522        33.6207      23.1500 

St. Dev.     6.5521        20.2193        9.7077 

In the experiments large fluctuations are shown. Mean lengths fluctuate from 2.4668 to 
229.8747; delays in the queue from  8.8475 to 84.6456 , and there are maximum values from 13 
to 56. 

In this simple case the mean queue and delay can be calculated from queue theory (see 6.2.2 a) : 
mean queue:         19)4/8.31/()4/8.3( =−  

 mean time in the system:    19*3.8=72.2 

(remember that in this case r=1/4, s=1/3.8). 

The results of the simulation are not accurate. Only with longer replications (more than 50000) 
the results may improve. Trying: 

Time for each replication: 100000 
    1   13.7383   54.6690   68.0000 

    2   34.0650  134.1234  152.0000 

    3   23.8991   95.2062  120.0000 

    4   16.6410   66.4133   81.0000 

    5   14.6736   58.5047   87.0000 

    6   17.2571   69.0345   93.0000 

    7   13.9080   55.5159   87.0000 

    8   16.2862   65.1748   91.0000 

    9   20.9080   83.5108  109.0000 

   10   39.4459  156.4235  175.0000 

   11   20.5586   81.6357  102.0000 

   12   15.3090   60.8602   73.0000 

   13   16.7389   66.7986   96.0000 

   14   19.9747   79.0185  125.0000 

   15   12.3988   49.5544   84.0000 

   16   12.9164   52.2584   67.0000 

   17   20.0700   80.4760  131.0000 

   18   14.8052   59.5247   64.0000 

   19   26.9429  106.3404   94.0000 

   20   14.2228   57.2539   78.0000 

Means      19.2380       76.6149      99.8500 

St. Dev.     7.1346        27.9883      29.1390 
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Which are nearer to the theoretical results. Nonetheless, the deviations are high. 

These high fluctuations in the results of a simulation occur because, as in the queue systems, to a 
high value usually follows another high value, an to a low another low. This produce sometimes 
large periods of high values and sometimes of low values. See Exercise 9.1.2.  

This shows that a single short experiment may give an erroneous idea of the results. Many 
replications must be done and statistical methods used to find the mean value and its probable 
error.  

f) Changes in stochastic models. A further problem arises when changes are made in the data to 
observe the change of behavior and the model uses random variables.   Assume that the same 
stream of random numbers is used to generate random values of the different variables in 
the original and the modified runs. Then it may be difficult to distinguish changes in outputs due 
to changes in inputs from changes due to the different use of random numbers. 

Example 9.1.8. Consider the example of the single queue. During the simulation a stream of 
random numbers is used to compute the two stochastic values: inter-arrival times and times of 
service. Certain numbers of this stream of random numbers are used for compute inter-arrival 
times, others to compute times of service. If the simulation is repeated from the beginning with 
the same stream of random numbers, the use of the random numbers is the same and the results 
are identical. But if a change on the data is made, for example using a lower inter-arrival time, 
more inter-arrival times will be generated. Some numbers of the stream that were previously 
used to generate service times are now used to generate inter-arrival times. Then, the service 
times generated will use different random numbers and will be different to those used in  the 
original run of the model. Therefore, the changes in the results may be due not only to the change 
in the inter-arrival times, but also to the changes in service times induced by the different random 
numbers used in their generation. Then a neat effect of the inter-arrival times on the response is 
not observed. 

The problem is partially solved using for service times a different stream of random numbers 
uncorrelated with the stream to generate inter-arrival times.  

Simulation languages provide many independent streams of random numbers to be used in 
different sections of the program, avoiding the of the interaction produced by the random number 
generation. These different streams correspond to different seeds (initial number in the stream) 
and are defined by the system in such a way that the streams are uncorrelated. Anyhow, the user 
may change these seeds in a run for certain purposes.   

g) Discussion of the results of general tests. 

When the model gives “non expected” results this may mean an error in the model (of data, 
design or coding) or it may represent a counter-intuitive behavior of the system (see Forrester 
1971).  In the last case the user’s guesses are wrong. To decide what happens, a detailed analysis 
of the origin of this non expected behavior of the model is necessary. The advantage of 
simulation is that it allows analyzing all details and reasons for the changes. Writing 
intermediate results in some steps in the model may be useful to see the origin of the apparently 
abnormal behavior. Simulation languages have some tracing procedures to run the model step 
by step (in a continuous model at each t∆ , in discrete event model at each event) and may show 
the values of certain variables at each step. This analysis, although may be tedious in complex 
models, leads to decide if the non expected behavior is produced by a mistake or by causes that 
were not considered in the user expectations.   
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EXERCISES 

Exercise 9.1.1. Analize the output of a deterministic model. For example the Production and 
Inventory System. (ProInvExp) 

a) Use graphic output explaining its behavior and the effect of parameter changes. 

b) Define an interesting response variable (output) and 5 possible  factors (inputs) and produce 
an output using two levels for each variable. Reduce the number of factors: 

-using Screening. 

- using metamodeling. 

-  

Exercise 9.1.2. Examine the graphical output of a simple queue with exponential inter-arrivals 
and service times. Explain the broad waves and valleys in the output. Compare the mean values 
and the variances in length. Examine the effect of using one or two different streams of random 
numbers. 

 

Exercise 9.1.3. Analyze the output of a complex model, for instance the model of the tanker port 
(PorTanExp.doc). 

a) See the effect of the random variations using replications. 

b) Consider the influence of pumping rate to tanks on the fines paid for delays. Use: 

  -intuitive insights, based in the graphic outputs and some experiments. 

  -use a systematic experiment based in some intervals in the factors.  
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