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Introduction

Smulation
- What is a simulation?

Validation
- What is validation?
- What is statistical validation?

Project Tasks

- Which statistical methods of
validation are the most
promising?

- Can we develop atool that
Implements these procedures?




Introduction

Simulation

A Smulation @
- the development of a I I
computerized Sl i e
mathematical model of a N
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A Mathematical Model N,
- aset of equations that 1 Simuation
collectively describe the ]
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— a collection of entities

that interact to perform a

. Ways to study a system
partlcular task (modified from Law and Kelton, 2000)



Introduction
Simulation

" Classification
of a Simulation

Dynamic
- represents the system
as the system evolves

Deterministic

- does not contain
probabilistic
components

Continuous

- state variables change
continuously with
respect to time

Experiment ! ! Experiment

Physical
model

Mathematical
model

AN

Simulation

Classification of Simulation Models

Static vs. Dynamic ‘
Deterministic vs. Stochastic ‘

Continuous vs. Discrete

Ways to study a system
(modified from Law and Kelton, 2000)



Introduction
Simulation

+d The Simulation
Life cycle

Conceptual Model

- the mathematical, logical, or verbal
representation of the problem

- mimics reality within a limited set of
assumptions

Verification

- determine whether the model
assumptions and mathematical
formalisms are correctly translated into
the computer program (i.e., debugging)

Programmed Model

- the conceptual model translated onto a
computer

Problem Formulation

37

Collect data and
define a model

v
Conceptual No
model valid?

Yes

Construct a computer
program and verify

!

Make Pilot runs

b4
Programmed
model valid?

Yes

Design Experiments

1

Make Production
runs

!

Analyze output
data

)

Document, Present,

and use the resuits

Ways to study a system
(modified from Law and Kelton,

2000)



Introduction

Validation

Definition

- Determining whether a simulation
model is acceptable for its intended
use given the specified performance
requirements

Without validation

- the utility of any results produced by
a simulation model can not be
judged

Validate the conceptual and

programmed models

- Not required for development or
exploration of the model

Problem Formulation 4———

37

Collect data and
define a model

Ways to study a system
(modified from Law and Kelton, 2000)



Introduction

Project Tasks

Project Tasks .

-  Review literature on statistical
validation

- Develop atool

ills Acquired

- Programming in Python and R
- Regression Techniques

- Visual and Deviance measure
techniques

Project Deliverables

- Written report
- Prototype software



http://www.r-project.org/index.html
http://www.python.org/
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Programmed Model Validati




i
’ Literature Review

Programmed Mode



i
’ Literature Review




i
’ Literature Review

Statistical Validation




i
’ Literature Review

Statistical Validation



i
’ Literature Review




Literature Review

Validation

Credibility

- degree of belief in the validity
of a model

Calibration

- estimation and adjustment of
model parameters

Qualification

- domain of which the model
has been validated

Accreditation

- Department of Defense (DOD)
determines that a simulation
model is valid

Output Analysis
- estimate a model’s true
measures of performance (i.e.,
simulation run length and warm
up time)
G 8
HrM = pnr— p g
Error in ¢ &
=| i nr— Ll 5ty — M G
_ é
o
Ol i ng— pap |+ |l p— H S
o

(Law and Kelton, 2000)



4 Programmed Model
Validation

Satistical Validation

- Validation of a conceptual or
programmed model using statistical
tests

Conceptual Model
Validation

- determining the mathematical logic is
reasonable for model assumptions
(i.e., independence, normality)

Programmed Model
Validation

- comparing observations and
simulated output (i.e., using visual
techniques, regression techniques,
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Literature Review

Statistical Validation

Visualization Techniques

- Plot of observed vs. simulated values

Regression Techniques
- Linear
- Quadratic
- FTest

Deviance Measures

- Modeling Eficiency

- Root Mean Squared Deviation
- Mean Absolute Error



=
Visualization Technigues

Time Series Plots:

- Plot observed data (usually as discrete
points) and simulated data (usually as a
continuous line) against a common
independent variable (time)

Plot Observed vs. Smulated Dats

- Plot y=x (1:1) line for observed vs.
simulated data



Literature Review
Statistical Validation

Visualization Technigues

Observed Vs. Smulated
Plot with 1:1 line
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-
Regression Techniques

Linear (Least Squares)
Regression

- Plot equation: Yi= Bo+ B: X + €

Quantile Regression
- Potof Xvs. R: F=1i/(n+ 1)

F- test
F‘* ﬁﬁf&%?xﬂ HR%Z\lfi ) Pﬁegfi(%zeq palues
2s?

SSR

F>I<=p-l =MSR
SSE MSE
np

- For LSregression



Literature Review
Statistical Validation

Regression Technigues

F-test for fitted equation of
observed vs. simulated values

- testing whether observed vs. Null and Alternative

predlcFed.vaIues vary constantly Hypotheses
over 1:1 line

Ho Bi= 1, Ha: B # 1 Ho:B.= 1and .= 0
H.: B. # 1, or B # 0, or both

- test of zero intercept
Ho: Bo: 0, H.: Bo?fo

st Statjsti
p* _nbf+ z-iexj%l%}’fﬁ"‘f X (by=1)
- Low values of F* report Ho 02
- Large Values of F* (near 1) report Ha



Literature Review
Statistical Validation

Least Squares Regression

- PotYi=Bo+ P X+ €

- FTest: Ho: B: = 0 and Ha: B # 0
- Too critical:

> ()2 SSR

Regression Technigues

op—1 _p-1 = MSR
g " SSE MSFE
2 (y—¥3) nop
n— p
F* =¢

Case close to linear which deviates -
from the regression line - fails test

Use confidence intervals <

— Least Squares
— Median

95% Confidence
Bounds

Cluantile

Use quantile estimates

Quantile Regression
- Explains variation in a model with bia
- More descriptive than inferential

- combine with other methods for
validation
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’ Deviance Measures

Modeling Eficiency
- Equation:EF:l_zw,-—éy
2 vy
Root Mean Sguared Deviation

— Equatlon-RMSD=\/li(X1—Y1)2

;=3

Mean Absolute Eror
- EquationMAE=73.Ix-5,



Literature Review
Statistical Validation

Deviance Measures

Coefficient of Determination
- the proportion of variation explained by the fitted line

- linear relationship between simulated and mean of o)

observed value assumed | ssz | v 2 ¥~y
- 0<rz<1 SSTO T SSTO T 3y y) EF=1-— .
Modeling Efficiency > (yi—y)?
- 1 perfect fit z
- BF=0 simple average 1 & )
- EF<0 poor model RMSD= _Z (Xj_-VJ)
- -1<BE<1 121;-:1
Root Mean Squared Deviation & MAE=lZ | x.— V|

1 1

Mean Absolute Error i=1
- lower the value, closer the simulation is to it's

measurement

— 9milar to RMS) lecs cencsitive to extireme valiiec



Project
Implementation

.

What exactly did | do?

- Phase I: The learning
Phase
Review of the literature
Learning the R and Python
Programming Languages
- Phase Il: Tool
Development
Creation of scripts
Combining scripts together
PyRamid Demo




Project Implementation

Phase I:
The Learning Phase

.

Review of the literature

— Validation
What validation is
What a simulation is

How to validate a
simulation

- Statistical Validation
Visual Techniques

Regression Techniques
(i.e., F-test)

Deviance Measures
Learning the R and Python
Programming Languages




Project Implementation
Phase |

.

Learning R and Python

Learning R Programming

Language

- How to perform
Visualization Techniques,
Regression Techniques,

and deviance measures in
R

Learning Python
Programming Language
- How to create a GUI
Interface
Tkinter, PMW extension toolkit
- How to use RPy to
retrieve R objects and
execute Rcommands




Project Implementation

" Phase Il: Tool

Development

Creation of scripts

Combining scripts
together into one
program

PyRamid Demo




Project Implementation
Phase Il

The Creation of
Scripts

.

Creation window
gadgets
- Message and entry

- Checkbuttons and
Radiobuttons

- Building Frames and Popup
Windows

- Menu options

- Dialogs

- Grids and packing
Creation of modified R

scripts that use RPy to
perform statistical

tarhnNniAaiiac




Project Implementation
Phase Il

.

Combining Scripts

Combine scripts into one
program that can:

- Create data plots and
diagnostic Plots

— Create ANOVA Tables and
Statistics Tables

- Perform Least Squares,
Quantile, and Multiple
Regressions




Project Implementation
Phase Il

The PyRamid Demo

i o (=]

Main Window —
Dataset Selector oo
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b ultivariate Begreszsion




Project Implementation

Phase I

The PyRamid Demo

Main Window

Dataset
Selector

Creating Data
Plots

Creating
Diagnostic
FPots

Satistics
Tables

taset Selector

File Edit Search
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Project Implementation
Phase Il

The PyRamid Demo

Main Window

Dataset Selector

Creating Data
Plots

Creating -
Diagnostic Plots

Satistics Tables
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Project Implementation
Phase Il

The PyRamid Demo

Main Window

Dataset
Selector

Creating Data
Plots .
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Project Implementation
Phase Il

The PyRamid Demo

M R Graphics: Device 2 (ACTIVE)
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Project Implementation
Phase Il

The PyRamid Demo

Mal n \M n d OW MNormal Q-Q

Dataset Selector N
Creating Data Plots " ’
Creating |- .
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function {formula, data, subset, weights, na action, method = "qr", model =



Project Implementation
Phase Il

-
’ The PyRamid Demo

Main Window

Dataset Selector
Creating Data Plots

Creating
Diagnostic Plots

Satistics Tables

Cook's distance
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Project Implementation
Phase Il

The PyRamid Demo

Main Window

Dataset Selector
Creating Data Plots

Creating Diagnostic
Plots

Satistics Tables

Residuals

Residuals vs Fitted
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Fitted values
function (formula, data, subset, weights, na.action, method ="qr", model = ..




Project Implementation

Phase I

The PyRamid Demo

Main Window
Dataset Selector
Creating Data Plots

Creating Diagnostic
Plots

Satistics Tables

Standardized residuals

Residuals vs Leverage
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Project Implementation
Phase Il

Main Window

Dataset Selector
Creating Data Plots

Creating
Diagnostic Plots

Satistics Tables

JIStandardized residuald

Scale-Location

The PyRamid Demo
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function (formula, data, subset, weights, na.action, method ="qr", model = ..




Project Implementation
Phase Il

The PyRamid Demo

Main Window Dataset
Selector

Creating Data Plots
Creating Diagnostic Plots
Statistics Tables

PyRamid Statistics Table

File  Edit
Anova.T able - - - - -
- Df Sum.5q Mean.Sq F W alue Prl:F]
=1 1 10420 10420.433890 19085.493618 0.000000
w2 23 785.BR3002 34159261 E.246405 0.000000
a2 12 7405314 4300235 0786257 0. 703004
Residuals B5 355460756 5468627 - -




Summary

Determined the most appropriate statistical
techniques to use for validating continuous,

dynamic, and deterministic simulations

visual techniques

- Plot observed vs. simulated data

Regression techniques

- LSregression, quantile regression, and F- test
deviance measures

- B, RMSD, MAE

Developed atool that can be used to perform these
techniques
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