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i Not invented here...

= Sengitivity Analysis (SD) was first applied in
electrical engineering in 1843 by Wheatstone for
the resistance measurement.

= Today, SD Is an important aspect of any
engineering and economy research to study the
effects of uncertainty on project valuation.



i | ntroduction

= The parameter values and assumptions of any
economic model are subject to change and error.
Sengitivity analysis, broadly defined, isthe
Investigation of these potential changes and errors
and their impacts on conclusions to be drawn for
the model (Baird 1989).



i In a Nutshell

o Sensitivity Analysisisused to increase the
confidence in the model and its predictions, by
providing and understanding how the model
response variables respond to changes in the
INputs.



Use of Sensitivity Analysisin Model
i Devel opment

= Testing the model for validity or accuracy
= Searching for errors in the model

= Simplifying the model

= Calibrating the model

= Coping with poor or missing data

= Prioritizing acquisition of information



i Why Sensitivity Analysis

= |nal modds, parameters are more-or-less
uncertain. The modeler islikely to be unsure of
their current values, and to be even more uncertain

about thair future values.

= Thisappliesto things such as prices, costs,
productivity, and technology.



| Why Sensitivity Analysis cont.

Uncertainty Is one of the primary reasons why
sensitivity analysisis helpful in making decisions
or recommendations. If parameters are uncertain,
sensitivity analysis can give information such as:
= How robust the optimal solution isin the face of
different parameter values

= Under what circumstances the optimal solution would
change

= How the optimal solution changes in different
circumstances



i Decision Variables and Strategy

= A decision variable is avariable over which the
decision maker has control and wishes to select a
level, whereas strategy refersto a set of values for
all the decision variables of amodel.

= Anoptimal strategy isthe strategy which
maximizes the value of the decision maker’s
objective function (e.g. profit, social welfare,
expected utility).



Theoretical Framework for Using
i Sengitivity Analysis

 |tisassumed that the modeler has subjective
beliefs (internal beliefs, hunches or guesses) about
the performance of different strategies and about
what is the objective of the decision maker who
will use the information generated by the mode!.

 The modeler’ s subjective beliefs are influenced by
the model but also by other factors; these beliefs
may or may not be close to the objective truth.



iA pproaches to Sensitivity Analysis

e Inprinciple, sensitivity analysisisasimple idea:
change the model and observe its behavior.
* One might choose to vary any or al of the
following:
e The objective (e.g. minimize risk of failuresinstead of
maximizing profit)
e A constraint limit (e.g. maximum availability of a
resource)
o Technical parameter



i What to observe?

* Whichever items the modeler chooses to vary,
there are many different aspects of a model output
to which attention might be paid:

* The Vaue of the objective function for the optimal

strategy
 Thevalues of decision variables

» Thedifference in objective function values between
two strategies (e.g. between the optimal strategy and a
particular strategy suggested by the decision maker)



i How to do a Sensitivity Analysis

e Most system dynamics and simulation software
packages include automated sensitivity tools
 However, comprehensive sensitivity analysisis
generally impossible even when restricted to

parametric sensitivity
e Vensime applies Monte Carlo smulation to

generate dynamic confidence intervals for the
traectories of the variables in the model



OptionsIn . Baa
MCSS = Binomial

= Exponential

= Gamma

L = Lookup

) Unlva”aj[e = Negative Binomial
e Multivariate = Normal

o Latin Hypercube = Poisson
= Triangular

= Uniform
= Waealbull
m \Vector



* Different Distributions

See Reference Material



How to read the results?

Confidence Bounds
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SD=0.1
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Uniform
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i Multivariate

= More than one variable at a time.
= Random variables
= Vector variables (combinatorial)

= Latin Hypercube Sampling
« Full range of the variable being sampled



Combinatorial
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i Multivariate

= Full Factorial = Taguchi Method

Method (sample)
_ = A model with 10
= A model with 10

parameters with 3

parameters with 3 levels each becomes
levels each becomes a a L,,310 orthogonal
30 array or 59,047 array or 27 trials.[for
trials. weak interactions

among levels]
= Limited to 63 factors
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* Concluding...It Is Important

= There are a large number of model
parameters that require testing.

= There are a large number of output
variables that might need to be
monitored.

= The output generated Is dynamic.

= Many models are constructed without a
clear statement of purpose.

(Ford, et al 1983)



=& Assignment

Go to:

www.albany.edu/cpr/sdgroup/HIMS/index.htm

And conduct sensitivity analysis on the concept model 3
and/or the Trustl model using at least:

B Univariate, Multivariate, and Latin hypercube MCSS
B 3 different random distributions for the parameters

B 1 combinatorial process with at least 2 parameters as
vectors.

B Design a small experiment using 3 parameters with 3
levels each. (You can use a full factorial design or a
Taguchi design).

B Report on the findings.




