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Abstract

In the prediction of phenomenon behavior there is a presupposition that a
similarity exists between model and phenomenon. Success of application is
derived from that similarity. An example of this approach is the use of similarity
conditions such as Reynolds number in flow problems or Fourier number in heat
transfer problems.

The advent of performance-based codes has opened up opportunities for many
diverse avenues of fire model implementation. The reliability of models depends
upon model correspondence uncertainty. Model correspondence uncertainty is
incomplete and distorted information introduced into a simulation by a modeling
scheme. It manifests itself as 1) the uncertainty associated with the mathematical
relationships hypothesized for a particular model, and 2) the uncertainty of the
predictions obtained from the model.

Improving model implementation by providing a method for rank-ordering
models is the goal of the Model Validity Criterion (MVC) method. MVC values
can be useful as a tool to objectively and quantitatively choose a model for an
application or as part of a model improvement program

The MVC method calculates the amount of model correspondence uncertainty
introduced by a modeling scheme. Model choice is based upon the strategy of
minimizing correspondence uncertainty and therefore provides the model that best
corresponds to the phenomenon. The MVC value for a model is quantified as the
sum of the length of two files. These files are individual measures of model
structure correspondence uncertainty and model behavior correspondence
uncertainty. The combination of the two uncertainty components gives an
objective and structured evaluation of the relative validity of each model from a
set of likely candidate models. The model with the smallest uncertainty files has
the lowest MVC value and is the model with the most validity.

Ultimately the value of such a method is only realized from its utility. Example
applications of the MVC method are demonstrated. Examples evaluate the rank-
ordering of plume physics options used within the computer zone model WPI-Fire
when validated against upper layer temperature data from compartment-fire test
scenarios. The results show how candidate models of a set may be discriminated
against based on validity. These results are powerful in that they allow the user to
establish a quantitative measure for level of model performance and/or choose the
most valid model for an application.
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CHAPTER 1 INTRODUCTION

The general subject of this dissertation is the validation of deterministic predictive
models intended to explain a physical phenomenon. The research findings
contained in this document provide the conceptual and mathematical development
of the Model Validity Criterion (MVC) method for rank-ordering a set of
deterministic models based on validity for predictions in the validation context.
The research results are demonstrated specifically for the circumstance of

selecting a model for making fire protection engineering predictions.

The technical guidance standards'* and recent literature in fire protection
engineering model evaluation®*>*"*® have tried to address the problem of model
validation. The approaches are generally uninspired although most do discourage
the use of qualitative comparisons of predictions with data as a measure of
validity. The major difficulties that the fire model analyst must deal with are
numerous poorly documented models and a disproportionately small number of
reliable data sets for model validation. Unfortunately, predictions are most
urgently needed for unique building arrangements or compartment layouts for
which data does not pre-exist. Such physical conditions in a building could
possibly create dissimilar outcomes that are difficult for any model other than a
physical law to accurately predict. Fire models need to be able to extrapolate or

make predictions outside of the known territory like a physical law. Therefore a



fire model validation methodology should measure model structure

correspondence as well as measure the agreement between data and predictions.

Model structural correspondence evaluates the correlation between model
equations, number of variables and choice of variables, and the physical laws of
nature that guide the process that is being modeled. A basic tenet of the MVC
method is that simple models imply or signify structural correspondence with
nature. The reader must take note that the MVC method preference for simple
models does not imply that simplistic or naive models are preferred. Rather,
models that are elaborately constructed or padded with irrelevant material are less
likely to be authentic representations of the physics that exist in nature. This is a
salient point in the field of fire protection engineering that finds itself ever more

reliant upon sophisticated and complex models.

The significance of this method is important in a practical sense since in the real
world all applications are predicated upon the similarity between the physics of
the application and the model. One should be wary of reliance on overly-
sophisticated and complex models in that often the true nature’ of the application

scenario is overlooked.

The MVC model validation method will help refocus model users upon the

prediction given the application requirements and provide guidance for choosing



models that produce more legitimate simulations. The engineer must assess the
model application requirements and use the MVC method with cognizance of
those application requirements. This subtle but essential requirement exists
because the numerical values of the MVC (and therefore model rank-orderings)
are sensitive to the choices that are made when combining models in a set for
rank-ordering and selecting criteria for data to be included in the validation data

set.

This solution of the model validation problem uses mathematical expressions and
concepts that are unfamiliar to most fire protection engineers. Even if one is
familiar with the expressions it may still be difficult to transpose the abstract math
to the common understanding of models, data, model predictions and model

validation.

Mathematically the validation problem is represented in Bayes’ equation.'® It
provides an equation for calculating the likelihood that a model corresponds to a
phenomenon given data representing the phenomenon. Li and Vitanyi'' have
reported that in applications, practitioners express the uncertainty of a model’s
correspondence as Shannon’s entropy.'> Entropy measures uncertainty where
minimum uncertainty (or certainty) exists in a probability value of 1 or 0; and
maximum uncertainty exists in a probability value of % . (Probability values of 1

or 0 mean that an outcome absolutely occurs or an outcome absolutely does not



occur. Probability values of 1 and 0 are complete certainties. Whereas, a
probability value of %4 indicates the outcome can equally go either way.) Bayes’
equation can be transformed into an entropy form by taking the negative
logarithm to the base 2 on both sides of Bayes’ equation. The entropy
transformation of Bayes’ equation allows a correspondence uncertainty rather

than correspondence to be calculated.

For the model validation problem it is awkward to gather evidence supporting the
likelihoods of Bayes’ equation. So Li and Vitanyi'' have suggested likelihoods
from Solomonoff’s Universal probability distribution. Solomonoff’s distribution
assigns probability based upon length of a description and is an elegant theoretical
solution to the assignment of probabilities, particularly the prior.
Rissanen,” building on results of the great mathematician Kolmogorov,''
provides an estimate of the lengths in his Minimum Description Length Principle.
This principle can be paraphrased as - The best model to explain a validation data
set is the one which minimizes the sum of the model algorithm code length and the
length of the model prediction error file. Maciejowski'* interpreted and applied
the Principle" so that model algorithm code length was defined by the number of
terminals or independent meaningful symbols in the model algorithm and the
length of the model prediction error file was defined by the number of bits in the

error file.



For fire protection applications this abstract mathematical and computer coding
theory solution to the model validation problem required grounding to a rational
and practical engineering understanding of the framework of model validation.
The MVC method was developed and derived based on the mathematics and
coding theory mentioned above but more specifically as a comprehendible
approach to validation. The concept of Model Correspondence Uncertainty is
defined in this dissertation and a model validation analogy to electronic
communications is presented to help explain the entropy concept. Venn diagrams
are used to reinforce the mathematical derivation of the MV C. Also, some
practical examples are constructed to explain the concept of file length as a
measure of correspondence with a phenomenon. Then a formal, yet simple,
procedure is developed for step-by-step application of the MVC validation
method. Finally, applications of the MVC method to the solution of some model

rank-ordering problems in fire protection engineering is demonstrated.
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CHAPTER 2 DISSERTATION OVERVIEW

This dissertation provides a thorough scientific and mathematical background,
description, and demonstration of the new model validation MVC method. The
expectation is that the research topic and findings are of interest to engineers and
engineering researchers. The reader is assumed to have familiarity with simple
computer programming, the use of computer fire models and some understanding
of their role in performance-based design. An appreciation for the use of

probabilistic mathematics is also helpful but not necessary.

There are five appendices that provide the details of the method. The content of

each is explained below.

Appendix A A Strategy for Comprehensive Fire Model Validation

This appendix provides a substantial context for a rational interpretation of model
validation. The context spans the current performance-based design use of
models, the array of strategies used by modelers to address the model choice
problem, and the fundamental make up of models. It is through examining models
and their parts that a meaningful strategy for validation becomes apparent. The
strategy for comprehensive model validation involves quantifying a model’s
correspondence to a physical phenomenon for each model of a set and then
choosing the model with the least correspondence uncertainty The Model Validity
Criterion (MVC) is introduced as a quantitative measure of the uncertainty of
model correspondence. Therefore, models with the lowest MVC values are
preferred by the strategy.

Appendix B A Methodology for Comprehensive Validation of Fire Models

The MVC is a measure of the correspondence uncertainty of a model compared to
the phenomenon it was meant to represent. Quantification of the MVC is



presented from two different angles. A practical approach motivates an intuitive
understanding of the quantities making up the MVC. A purely mathematical
approach provides the theory and logic behind the MVC quantification method.
Both approaches to explaining the quantification reveal the same result: MVC
measured as the sum of the length of the model algorithm plus the length of the
model error file size. An overview is given of procedures to calculate the lengths
making up the MVC.

Appendix C Probabilistic Mathematics Background

This appendix provides a review of probabilistic concepts and a derivation of
Bayes’ equation.

Appendix D Essential Procedures for Fire Model Validation with the MVC
Method

The MVC method is a validation method for choosing among a set of
models for implementation. This chapter provides the essential details
necessary to evaluate the rank ordering of models for a scenario
represented by a validation data set. The method has four steps that
produce and interpret the MVC results. Each model among a set has an
individual and likely different MVC value. Models with the lowest MVC
value have preference within the rank order since these models display the
lowest amount of correspondence uncertainty to the phenomenon being
modeled.

Appendix E  Applications of the MVC Method

Proper usage of the MVC method is demonstrated in this chapter through
examples. Examples evaluate the rank-ordering of plume physics options used
within the computer zone model WPI-Fire when validated against upper layer
temperature data from compartment-fire test scenarios. The examples show how
the method is used to calculate validity for different validation contexts. Linkage
of the fire dynamics of the models and the validation data sets is important to the
success of the validation method. Enhancements of the MVC method results are
highlighted through other examples.



CHAPTER 3 CONCLUSION

3.1 SUMMARY

Validation is the process of gathering evidence of a model’s correspondence with
its associated phenomenon. Model correspondence uncertainty is the amount of
distorted or incomplete information manifested within a model. A comprehensive
strategy for model validation is to 1) estimate the amount of correspondence
uncertainty of any model as a representation of a physical phenomenon, and 2)

give rank-order preference to models with minimal correspondence uncertainty.

The MVC value of a model provides a criterion to estimate the amount of
correspondence uncertainty. It is an interpretation of Bayes’ equation. Bayes’
equation allows one to calculate the likelihood that a model does indeed
correspond to its phenomenon given a set of test data. The entropy transformation
of the equation allows for correspondence uncertainty rather than just

correspondence to be calculated.

The component parts of the model correspondence uncertainty are the structure
correspondence uncertainty and the behavior correspondence uncertainty. The
theory of descriptional uncertainty and the Universal distribution applied to the
entropy transformation of Bayes’ equation allow the terms of the MVC to be

quantified. The result is that structure correspondence uncertainty is estimated as



the size of the model algorithm. Likewise, behavior correspondence uncertainty is
estimated as the size of the error file from model predictions compared to

observed values.

The MVC methodology is to calculate the MVC value for each model of a set.
The MVC is the sum of the model algorithm size and the model error file size.
The MVC method procedures are unusual but fairly simple. Careful attention,
however, must be spent in linking the fire dynamics among the set of models, the

validation data set and the intended application context.

MVC numerical values are sensitive to the choices that are made when combining
models in a set, and in selecting criteria for data in the validation data set. The
sensitivity ultimately becomes manifested in the resulting validation context. One
should remain cognizant of these choices and carefully document them so that

MVC results have a clearly defined validation context.

The practical result of the MVC method is that it allows one to rank order models
either to choose a model for making predictions or to establish model
performance for a model improvement project. Demonstrations of the use of
method and method enhancements provide a substantial package to reinforce the

quality of MVC results in future validation programs.
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3.2 CONTRIBUTIONS OF THE DISSERTATION

This dissertation provides contributions to fire model validation in fire protection

engineering in four key ways:

Provides a comprehensive strategy for fire model validation,

Derives a methodology that implements the strategy for validation
Presents a procedure for the validation method,

Demonstrates example applications of the method and its procedures.

The first contribution focuses the model validation (or model choice) problem on
the goal of choosing the model with the minimum amount of correspondence
uncertainty. Providing a goal for a validation exercise in terms of a strategy that is
comprehensive and tangible has value. It is likely that the value is appreciated in
the field of fire protection where models are frequently used for prediction outside

the known territory and where the term “validation™ has often been abused.

The second contribution provides a comprehendible, mathematically based
methodology for model validation. Previous approaches to the problem were quite
abstract and depended upon coding theory which is conceptually and
mathematically foreign to most fire protection engineers. The development of the

MVC method of fire model validation purposefully approaches the solution with a

11



common engineering understanding of models, data, models predictions and

model validation.

The third contribution is a step-wise procedure for applying the methodology. The
procedure is simple, yet it has subtleties that are important to the success of the
method. The procedures allow the method to be applied using only a spreadsheet

and some minor hand-calculations.

The fourth contribution is the demonstration of the method procedures applied to
some example model choice problems. There are several varied examples that
each highlights a particular aspect of the application of the MVC method. These
examples are intended to further illustrate the method and provide guidance for

proper method application.

3.3 RECOMMENDATIONS FOR FURTHER RESEARCH

The MVC method offers many desirable features. It’s quantitative,
comprehensive, mathematically well-founded, unrestricted by sparse validation
test data and sparingly consumes computational resources. It is a powerful

measure that will mature into a practical tool for evaluating model quality.

12
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A level of maturation of this method will come from testing the robustness and
making refinements in the procedures that comprise the MVC method. A general
improvement will come from applying the MVC method to a wide range of

models and data sets.

Several particular advances need to be made to better serve the needs of analysts
of fire protection engineering models. The following suggestions are made for
further research that will lead to improvements in the procedures that comprise

the MVC method and in confidence in the MVC method.

Construction of a more extensive database, to include scenarios representative of
situations in which predictive tools are used in real world applications. The CIB
W14 — WG7 Assessment and Verification of Mathematical Fire Models working
group has an initiative to identify requirements for data collection for the specific
intent of evaluating models. This work will hopefully lead to more grants and
international programs to collect more and varied data. These data are necessary
for inclusion in validation data sets and also as comparison data to evaluate the
accuracy of MVC method-specified model predictions in new and varied

applications.

The preparation of documentation that explicitly details the composite make-up of

a model. This document would specify the exact physics included in the model

13



and provide an index of the links between submodels. Model developers and
groups such as the SFPE Model Evaluation Task Group are beginning this task in
adherence with ASTM E1472-92 Standard Guide' for Documenting Computer
Software for Fire Models. This documentation is necessary for legitimate

groupings to be made among models of a candidate set.

14
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APPENDIX A

A STRATEGY FOR COMPREHENSIVE FIRE MODEL
VALIDATION

1 INTRODUCTION

Model validation is a process meant to filter out unacceptable predictive
uncertainty inherent in applying an imperfect model. However, there are deeper
and more meaningful conceptions of validity. An argument for implying an
absolute match between a model and the phenomenon it was meant to represent
becomes entangled with philosophical beliefs. The topic so irritates some that
they go as far as to propose refuting the word "validation" entirely. For example,
Beard's' conviction is that the use of the word "validation" implies "proven
correct" which is in direct opposition to the scientific method. He says this is
logically impossible and that the most that can be done is to compare theoretical
prediction with experiment and observe the difference. For clarity he proposes
that the term not be used at all.

Beard’s argument is not without merit. The term “validation” has become™**°
synonymous for comparisons of predictions with test data. Validation is a potent

word and implies more than comparisons with a handful of data.



This appendix provides a substantial context for a new meaning of validation. The

context is threefold; each with a narrower field.

The discussion starts with the use of models for prediction. Models are examined
from the perspective of how they are used within the current regulatory
framework. The use of models shows the possibility that model predictive
uncertainty could lead to constructing buildings incapable of avoiding failure.

This is the fundamental reason for addressing model validity.

Then the suitability of current model choice strategies as validation methods is
investigated. Strategies for model choice are reviewed for their value as indicators
of validity. The presentation shows that none of the current available strategies

are acceptable as a validation strategy.

Finally, models are examined from the inside out. A model’s qualitative makeup
is dissected into its component parts. The identified parts display and emphasize
the correspondence of a model to actual physical phenomena. A strategy is
developed to use the distinct differences in correspondence among model choices
as a comprehensive measure of validity. Models with the least correspondence

uncertainty are preferred.



A solid mathematical approach7’8’9’10 is borrowed from the field of information
theory to explicitly define the correspondence and eventually provide the new
measure of validity. Model simulations are found to be concrete and explicit
reductions of real phenomena. Reduction is a process similar to data compression
in a communication process — some information is retained and some is lost or
distorted. An analogy can be struck between the process of measuring data
compression reliability in electronic communications and the reliability of a

model scheme in reproducing a phenomenon as a model simulation.

The strategy for comprehensive model validation involves quantifying the
correspondence for each model and then choosing the model with the least
correspondence uncertainty. The Model Validity Criterion (MVC) is introduced.
It provides a quantitative measure of the uncertainty of model correspondence

with a physical phenomenon.

2 GENERALIZING THE PROCESS OF TRIAL DESIGN EVALUATION

Because the regulatory landscape of the past was monopolized by prescriptive
building codes, building fire performance was never calculated. The hazard was
implied by the construction category and occupancy classification of building
codes. The decision to accept or reject a protective system for a building rested
with the regulator who used the compliance of the building with the prescriptive

codes as the basis of evaluation.



12 and design methods'® have provided

Recent performance-based codes
alternative approaches allowing greater flexibility of design and acceptance
criteria. For instance, the SFPE Engineering Guide to Performance-Based Fire
Protection Analysis and Design'> provides guidance and a series of steps for
proper design and analysis of fire protection designs. Those steps are: 1) Establish

Performance Criteria, 2) Develop Fire Scenarios, 3) Identify Design Fire

Scenarios, 4) Develop Trial Designs, and 4) Evaluate Trial Designs.

Building fire performance is predicted and then compared to acceptable level
criteria in the final step of performance-based design: Evaluate Trial Designs."
The rest of this section will focus on activities involved in design evaluation. The

discussion is quite general and the risk of oversimplification is acknowledged.

2.1 Model Prediction

Often building performance is predicted for individual building designs through
model simulation of fire events. In general deterministic engineering models
require and provide more specific detail than is possible based on rules-of-thumb
or experiential judgment. Consider the use of the concept of fire load that was the
former standard for predicting fire hazard. Fire load is defined as'* a measure of

the maximum heat that would be released if all combustibles in a given fire area



burned. It is typically important for the calculation of building fire resistance in
the postflashover fire. This concept has been replaced by the concept of a time-

15
temperature curve ~ of the enclosure fire gases.

A time-temperature curve provides likely time-temperature history of a potential
fire in a compartment. This concept is routinely used to represent the severity of
an expected fire and its development time. Calculation of the time temperature
curve requires specific enclosure and ventilation characteristics plus rates of heat
losses and gains due to combustion of the fuel contents. The time temperature
curve is a model of an expected fire. The time-temperature history'” provides a

more detailed representation of the hazard than the fire loading in a room.

The level of detail produced by a model arises from the explicitness of inputs
representing the design and the explicitness of algorithms required of the
simulation. Choosing model input in terms of a design fire and representing the
building response as an explicit set of equations (or algorithm) causes

uncertainties in the model output.

Models are useful if the uncertainty in the explicit results does not hinder the
benefit of the detailed information provided by the model. The choice of model
will determine its usefulness as a predictor since different models rely on different

specific inputs and explicit equations in the algorithms.



2.2 Acceptance Criteria

The evaluation of trial designs13 proceeds from modeling to comparing model
results with performance criteria. Model results representing candidate designs are
evaluated and found to pass or fail acceptance criteria. The candidate designs are
evaluated on the merits and inadequacies of each individual design's performance
relative to acceptable levels. The designs can be categorized either as failure or

failure avoidance events.

Fire failures are'® events where the ignition and subsequent building performance
results in death, injury, or unacceptable loss. Fire failure avoidance is an event
where building performance under the threat of fire successfully averts unwanted
consequences' such as death, injury or unacceptable loss. The failure avoidance
events indicate an adequate level of performance in a design. Within the design
method guidance,'” these failure-avoidance event designs are pooled and
compared with other criteria such as cost so as to select a design from which

construction will proceed.

3 UNFAVORABLE CONDITIONS FOR EVALUATION



In the evaluation of trial designs,"” two unfavorable conditions impact the design
decision in a severe way. Those conditions occur when design overcapacity is

trimmed and when there is uncertainty in the model prediction.

3.1 Trimming Overcapacity of Building Design

When a design actually performs better than necessary, then a certain amount of
overcapacity' is present. Overcapacity is the resistance above and beyond what is

necessary to counter the load presented by an unwanted fire in a building.

When failure avoidance events are predicted then the overcapacity from a design
may be trimmed. Fortuitously it is this trimming of excess capacity that results in
savings in building construction cost, capitol equipment cost, and installation
costs. For instance, take a case in which a building design passes the performance
criteria but is considered too expensive. A new design is then generated which
reduces the amount of protection so that, with respect to the same hazard,
untenable conditions happen sooner - but still fall within the performance

requirement.

A good way to visualize the relationship between the designs and the pass/fail
criteria for acceptable levels is shown in Figure 1. The figure shows the

requirement for an occupied building where the evacuation time must be less than



the untenability time for a passing building design. (Other criteria may exist or be
preferable to the straight line shown here. This linear relationship was chosen to
simplify the diagram.) The first design is represented by the small black square on
the right. The second reduced protection design is shown as the small black
square to the left of the first design. The proximity of the design to the criteria line
provides an indication of the overcapacity of the design. The further the design is

from the line the greater the overcapacity.

- fevac = tunten

Evacuation Time (tevac)
T
a
: |

Untenability Time (tunten)

Fig. 1. The relationship between the pass/fail criteria and two potential designs are shown: one
with reduced protection (shown as small black square on left) and one with overcapacity (shown
as small black square on right). The evacuation time for the two designs remains constant.

3.2 Uncertainty in Fire Model Prediction

Model predictive uncertainty is the variation of the predicted value from the

actual value. There are many causes of predictive uncertainty that will be



examined further in the following sections. A large predictive uncertainty

establishes a gray area around the event.

Consider making a prediction of fire performance of a building design. The
engineer must select a model or set of equations with which to represent the fire
development, occupant response and building response. The prediction, lacking
perfect accuracy for the actual design performance, has an inherent uncertainty.
That uncertainty is the error in the actual versus predicted abscissa and the error in
the actual versus predicted ordinate. Such errors when combined could be
represented graphically as a gray area or circle surrounding the deterministic
prediction. The graph in Figure 2 shows the condition for the same predictions
made using two different models each with a different uncertainty. The
uncertainties arise from the error in the actual versus predicted evacuation times
and the error in the actual versus predicted times to critical conditions. The size of
the circles around the predictions indicates the amount of uncertainty in the model

prediction.
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Fig. 2. Two different model predictions for a single design are shown: one with large uncertainty
(large circle) and one with a smaller uncertainty (small circle).

3.3 Description of Switchover

Now with an understanding of the individual contributions of the unfavorable
conditions, it is useful to examine the interactions of the conditions. When
overcapacity of a design is large, then even a model with a large predictive
uncertainty will not likely indicate failure. But when overcapacity is small, then
the size of the predictive uncertainty becomes significant. The model predictive
uncertainty influences the occurrence of the failure avoidance event. As a result
performance may wrongfully be evaluated as failure avoidance, and a building
could be built without an adequate level of protection. The building performance

would be in the failure area but had been evaluated as a failure avoidance event.
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A common term for this effect has been developed; — switchover.'>'*"

Switchover is a reversal of the final decision. Switchover occurs in a decision
framework when uncertainty is large enough to cause a significant change in the
outcome criteria; thereby switching the decision from failure avoidance to failure.
The case of a false positive identification is a commonly understood example of
switchover. In a false-positive case, the outcome should have been identified
negatively. The uncertainty of the identification method results in positive
outcomes that are in fact false. In this case trimming design overcapacity and
predictive model uncertainty are the combined factors influencing switchover

from a fire failure avoidance event to a fire failure event and vice versa.

Continuing the specific instance mentioned previously concerning two building
designs: one with reduced protection, and one with excess capacity. Each design
performance is predicted using a model with predictive uncertainty. Therefore
each potential design would have uncertainty associated with its location within
the pass-fail zone. Figure 3 shows the situation where the uncertainty in the
reduced protection design is such that the design cannot be considered a complete
failure avoidance event. A failure area exists for this design. The failure area is
represented by the area of the uncertainty circle that overlaps the pass-fail line
into the failure zone. This overlap occurs when overcapacity of the design is small

and predictive uncertainty is large.

11



Evacuation Time (tevac)
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Fig. 3. The uncertainties of each design are plotted as circles surrounding the expected value for
the design. Note that the uncertainty of the reduced protection design overlaps the time
requirement line into the fail zone. This overlap is a switchover event.

Very little research in fire protection has been done on the causes and

implications of switchover. A case study®’ was recently completed showing the

sensitivity of model predictions to input variables. Results focused on the

propagation of input data uncertainty through computer model predictions and the

implications for switchover when model predictions were compared to acceptance

criteria.

No research has yet been done evaluating the impact of either reductions in design

overcapacity or predictive model uncertainty due to choice of model on
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switchover. So, what can be done to avoid switchover? Since cost cuts benefited
by trimming overcapacity are so attractive, the level of protection in a building
should only be evaluated using models with the least amount of predictive

uncertainty. Choosing a model with low uncertainty requires a strategy.

4 MODEL CHOICE PROBLEM IN PRACTICE

In many fields®' of engineering and science, validation is a simple matter. A deep
theoretical knowledge base exists and experimental data for comparison with
predictions is obtained quickly, cheaply and reliably. However, model validation

in the field of fire protection engineering is burdened with numerous difficulties.'

There is no accepted validation standard available? for fire protection engineering
models. The lack of a standard leaves the fire protection engineer to either ignore

or grapple with the model choice problem.

In general a trend has been identified in the practice (as represented by the case
studies™ of the International Conference of Performance-Based Codes and Fire
Safety Design Methods) that ignores the model choice problem. Often predictive
models are used to make judgments and decisions. However, no arguments or

data are provided for choosing models to make predictions.
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If one were to grapple with the model choice problem, rather than ignore it, one

could establish various ad hoc frameworks."">**

Perhaps informal strategies have
already been developed for personal use in approaching problems. If so, those
strategies would likely be contained in the following list of possibilities: model

choice based on a strategy of least resistance, random process, best agreement or

greatest complexity.

4.1 Strategy of Least Resistance

This strategy is the choice of those wishing to minimize energy spent on the
model choice problem. The actions of those following this strategy are to
“choose” the first model to become available. This strategy is implemented when
one “chooses” whichever model happens to reside on one’s PC. The strategy

adheres to a reliance upon fate to choose the model.

4.2 Strategy of Random Choice

This strategy entails the choice of a model from a group of candidates by a truly

random process. The action of those following this strategy is to assign specific

model choices to a physical item such as a die or a lottery ticket. The random

process of rolling the die or choosing a single ticket from the lottery results in a

14



model choice. This strategy relies upon the principle of insufficient difference
(also known as the principle of insufficient reason or indifference).> The
underlying principle is that the likelihood of one model being superior to another
is insignificant so any model is as good as any other. The random process

removes any bias that one may have toward a given model.

So far the strategies are not very valuable. The principles upon which they rest are
superficial to the problem and do not provide any substance for discussion. They
were included for completeness in representing the options. One may fathom to
guess how often the previous strategies are used in actual practice. However, the

next two strategies are important to the validation issue.

4.3 Strategy of Best Agreement

This strategy is the choice of those believing that the answers to the model choice
problem lie solely in comparisons with empirical evidence. The actions of those
following this strategy are to choose the model with the best agreement between
model predictions and experiment test data. This strategy relies on the principle of
predicting future behavior based on past results such as empirical data. But,
the fact that a model provides accurate predictions for one fire situation is not an

absolute guarantee that it provides accurate predictions in another situation.
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Even though empirical evidence is the datum against which a theory is tested,
model choice based on a comparison reported in this manner is likely to be faulty.
Consider the situation where a model is created with the intent of mathematically
reproducing a single outcome. Such is the case with a narrow empirical model
that may be impressive at prediction for select cases but does not capture the
physics that allows for a wider distribution of outcomes. These models are fit to
the data describing a narrow range of scenarios. The result is a limited range of

predictive capability and thus the model is not general purpose.

An extreme example of such a model is constant predictor model. A constant
predictor model is insensitive to the input that is provided. A constant predictor
weather model is given different input for each of a sequence of days. Each
successive day the model reports the same outcome — “The weather will be sunny
tomorrow”. The agreement of such a prediction with empirical evidence tells
nothing about the ability of the model to make accurate weather forecasts. This
weather prediction outcome will likely be accurate some of the time when
compared with empirical evidence even though it is only capable of describing a
single scenario of the range of possible weather outcomes. When evaluating a
group of models the choice should incorporate a determination of the ability of
the physics of the model to articulate the subtleties of the fire development

dynamics.
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Dissimilar outcomes are intriguing because they are difficult to predict. In
economics, modeling careers are built”’ upon accurately forecasting dissimilar
outcomes such as an economic expansion or severe downturn. Consider that there
may be a whole distribution of outcomes a model can predict based on variations
in model input. The shape of the distribution of model simulation outcomes
depends upon the fidelity with which the physics has been captured by the model.
Empirical evidence alone cannot establish the correspondence between a model
and the actual physics of a phenomenon. Yet, empirical evidence still remains an

essential component to model validation and the model choice problem.

4.4 Strategy of Greatest Complexity

This strategy is the choice of those believing that a complex or bigger model is
better. Complex may be seen as bigger when one characterizes™ complexity as
the number of recognized parts and the extent of their relationships. The actions
of those following this strategy are to favor models that appear comprehensive
based on some aspect of the source code such as number of lines of code, mesh
size of numerical models, number of inputs describing the scenario, or number of
mathematical relationships. The underlying principle is that the model’s size
provides a measure of the detail in the model structure. And more detail in a

model results in more accurate predictions.
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It is informative to investigate the basis for this principle. This basis in plain terms
is that anything not included in the model has no bearing on the model outcome.
Probabilistically Cromwell’s Rule®” sums up the perspective: Any possibility
receiving prior probability of zero must also have a posterior probability of zero.
So when the model theory is ignorant of certain conditions then prediction results
are ignorant of the same conditions. The model user (model chooser), often
unfocused on model limitations, relies on the principle that more volume in the
model means less ignorance and therefore better performance. So the maxim that
is followed is - a large model is comprehensive and therefore its predictions are
not ignorant of any important conditions. Thus one’s model should be “as big as a

house.””

An alternative perspective casts doubt on this aspect of model size as an indicator
of an accurate model. Large models are not”” incontrovertibly better
representations of a system’s actual behavior or more valid as approximations of
reality. When models are equally accurate, the “virtue” of model complexity
indicates vacuousness rather than sophistication.”’ Consider the tradeoff between
a numerical model and an analytical model of the same phenomenon. The
numerical model is larger in size. Even if the two models are equally accurate, the
analytical model is considered more valid although it is smaller. It is smaller since

it is streamlined in terms of the number of equations and necessary input

18



parameters, therefore, simpler. Ockham’s razor in this sense is interpreted’' as -

Entities should be introduced into a theory only if they are absolutely necessary.

Unnecessary entities in a model are excess equations, variables and\or operators.
These are™ the parts of a model that cannot be traced to actual physics. These
parts could be artifacts from an uncontrolled experiment that manifest themselves
as a false parameter in a model, confusion in the model structure whereby effects
are attributed to many diverse variables rather than the fewer appropriate
variables, extra parameters and dependency relationships introduced as hedges
against any potentially important conditions omitted from the concrete model
theory, or spurious content such as a false relationship that appears among data

when the wrong variables have been measured in an experiment.

The simpleness quality is favorable for many reasons. Smaller models™ require
fewer inputs reducing modeling effort and produce fewer outputs increasing
model result intelligibility. There are other model characteristics which favor
simpleness such as the cost of a model, time to comprehend the model and time

for computing.
Also, model simpleness is preferable since™” there is a lower frequency of simple

models than there are of complex models that can explain the same phenomenon.

As complexity decreases the frequency of adequate models diminishes. The job of
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science is to discover the unique model (such as a fundamental general law)
which cannot be refuted by any model of equal complexity.** So model
development and acceptance must’’ start from a simple model and accept greater
complexity only when evidence precludes acceptance of any simpler model

structure.

The commentary on the array of strategies provides no conclusive direction for
choosing a model. The strategies were shown to be inadequate for fire model

selection. An alternative strategy will be developed in a following discussion.

Currently some established standards for evaluating fire models exist. The
methods are still in their infancy. Even the most prominent methods are not

referenced in practice.

4.5 Other Activities

ASTM E-1355%* was developed to summarize the state-of-the-art in model
validation. The methodology has four separate components: Model and Scenario
Documentation, Independent Review of Physics and Chemistry, Verification of
Computer Implementation of Theory, Quantification of Uncertainty and
Accuracy. The independent review of physics and chemistry deals with model

structure. It attempts to evaluate the correspondence of the model with the
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physical laws of nature. Usually only the model developer®* has the extreme
motivation necessary to conduct such a time-intensive task. The result of carrying
through with the review is a degree of (unspecified) corroboration of the model
equations with the body of scientific evidence. Model assumptions,
approximations, equation structure and equation parameters (such as constants
and default values) are evaluated for applicability in the proposed scenario
context. The review results in a statement of the general acceptability of the
approach. No specific guidance is given for review protocol other than a listing of
what the review is to contain. Presumably results are reported in a subjective and
qualitative way since there is no technique provided to do otherwise. In a model
choice application qualitative results procured in such a time-intensive way would

not be balanced by the level of effort involved in deriving those results.

ISO CD 13389:1997%° provides guidance on procedures for assessing and
verifying the accuracy and applicability of deterministic mathematical fire
models. This work encompasses the material in the ASTM E1355-97 guide® and
then expands upon it with a practical focus. The International Standards
Organization (ISO) with the Conseil International du Batiment (CIB) is further
working to develop a decision framework that addresses the need for guidance in
choosing and using models. One large area of effort so far has been the
international round-robin evaluation organized and carried out by CIB W 14 —

Working Group 7. Overall the task provides a demonstration of how computer
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models could be used to model fires. More than two dozen models were
evaluated® for performance in simulating a series of single compartment fire tests
conducted at the technical research Center of Finland (VTT). Results® have
indicated that model use is hindered by many uncertainties particularly input data
uncertainty and variability amongst results from users of the same model. Choice

of models was not directly assessed in this task.

5 A CLOSER LOOK AT MODELS

Model choice is influenced by many different factors depending upon the context
of model use. However, in choosing models based on validity one is confronted
with the reality that there is no available standard method. To begin to derive a

new model validation method one must understand models from the inside out.

5.1 The Nature of Models

When one investigates the nature of models one finds they have different
qualities. The qualities exhibited in a model provides for a range of models with

different intents, purposes and capabilities.

Models exhibit a dual nature. A dual nature is the manifestation of two facets of
an entity at the same time. Electromagnetic radiation exhibits a dual nature since

it can be represented in terms of its wave nature and its particle nature
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simultaneously. A model exhibits a dual nature since the two individual facets of
information and uncertainty are manifested in a model. Fortunately there is a

relationship between the two facets.

The concept of uncertainty is complementary to the concept of information.
Fundamentally the uncertainty of a given situation is the result of an information
deficiency.*® Thus it can be inferred that the gathering of different kinds of
information results in reduction of uncertainty in a model. Also that the degree to
which information has been appropriately gathered in a model will determine the
level of uncertainty.”® Recognition of the dual nature of models and the conflict
between uncertainty and information is important to the development of a new

strategy for model choice and model validation.

Model correspondence uncertainty is the degree and kind of erroneous
information within a model. It is best understood by classifying its component

parts and examining each of them in great detail.

Smithson has assembled a comprehensive taxonomy.*® That taxonomy has been

adapted for the purposes of showing the contribution of different types of

erroneous information to uncertainty. The adaptation is shown in Figure 4.
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Model Correspondence Uncertainty

Incomplete Distorted
Information Information
Degraded Absent Inaccurate  Confused

Information Information Information Information

Fig. 4. Taxonomy of model uncertainty illustrating the relationship between uncertainty and kinds
or degrees of information.*®

The taxonomy shows that model correspondence uncertainty is influenced by two
apparent factors: incompleteness and distortion. Each of these factors is further
subdivided based upon whether the information is erroneous in degree or kind.
Incomplete information is coarse representation of factual information. It can be
further subdivided into Degraded information (degree) and Absent information
(kind). Degraded information is a reduced quality of factual information. Absent
information is an omission of factual information. Distorted information is a
misrepresentation of factual information. It can be further subdivided into

Inaccurate information (degree) and Confused information (kind). Inaccurate
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information is a shallow or superficial association of facts. Confused information

is the association of facts by mistake such as wrongful substitution.

The degree and kind of information that is both distorted and incompletely
represented within a model is the model correspondence uncertainty. Model
correspondence uncertainty is important to recognize and measure for establishing

model validity.

5.2 Recognizing Model Correspondence Uncertainty

Sensitivity is a quality that can be used to recognize correspondence between a
model and the phenomenon it intends to represent. Most commonly sensitivity
analysis is used to measure the effect of input uncertainties on model output. This
quality is measured”’ by calculating the rate of change of the output variable with

respect to one or several input variables.

The analysis of sensitivity can also be important in cataloging the dominance-
ranked sequence of variables in systems, data and/or equations representing
model theory. The analysis is most simply carried out by varying one of the

independent variables in steps over a certain range. Effects are then observed in
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the value of the dependent variable. Independent variables are represented in

terms of the magnitude of influence of each variable on the dependent variable.

Importance analysis'**’ is a particular type of sensitivity analysis. An importance
analysis function could be constructed for an experiment collecting data or a
mathematical model meant to represent a phenomenon such as the gravitational
force on a body. For the dependent variable, gravitational force, the dominant
independent variables are the masses of the attracted and attracting objects and the
distance between them. But there are numerous real but less significant
independent variables that influence the gravitational force on a body such as the
masses of other neighboring bodies and their relative distances. Even though these
variables exist they are not likely measured in an experiment or represented in a
mathematical model. Figure 5 shows the different importance analysis functions
for a real phenomenon (such as the gravitational force on a body or any other
physical phenomenon), experimental representation and the mathematical model.
A comparison of the functions will reveal the practical basis for correspondence

uncertainty in models.
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Fig. 5. Comparison of importance analysis functions for a real phenomenon, a collection of
experiment data and a model simulation.

The importance analysis functions show individual representations of the
sensitivity of the real phenomenon, hypothetical experiment data and a possible
theoretical model. The function for the real phenomenon shows an ordinate and
abscissa representing the relative contributions of each independent variable to the
value of the dependent variable. The x-axis includes an infinite number of terms.
The contribution of each term further out on the axis becomes less significant and

eventually reaches an insignificant value.

The experimental data and model importance analysis functions can be compared

to that of the real phenomenon. The comparison will provide a more thorough

27



understanding of the correspondence in terms of both information and
uncertainty. Overall the comparison of the distributions shows that sensitivity is
different among the real phenomenon, experiment data and model. The difference

is the change in sensitivity of the each function to the independent variables.

The shape of the curve is not a constant for the phenomenon, the experiment and
the model. In fact, each is markedly different. The curve shape is important since
it measures the relative impact that each independent variable has on defining the
phenomenon outcome. The curve change is indicative of the distorted and
incomplete information contained in the experiment data and the model as a
representation of the phenomenon. The curve change further reveals that the
experiment data and the model each have a different amount of correspondence
uncertainty associated with them as representations of the phenomenon.
Investigating the sources of the changes in sensitivity will aid recognition and an

understanding of model correspondence uncertainty.

There are two different sources of the change in sensitivity: incomplete

information and distorted information about the phenomenon.

5.2.1 Incomplete Information

Incomplete information® appears as absent and degraded information.
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Absent information is evident from the fact that only a finite and small number of
independent variables of the phenomenon are included in the experiment data or
model. The importance analysis functions for the experiment data and model have
important gaps in the knowledge of the phenomenon. This could be because some
variables remain as controlled variables in experiments and are therefore
unmeasured. Other variables are neglected as not significant or important enough.
The same rationale is used to limit the terms and relationships within a

mathematical model.

Degraded information is present when experiments and models use lumped
parameters to generalize the individual effects of several related variables. An
example would be the measurement of mass flow rather than individual velocity,
density and area measurements. The lumped parameter approach is often used in

modeling as well.

5.2.2 Distorted Information

Distorted information appears as inaccurate and confused information.

Inaccurate information shows itself in sensitivity distributions as a systematic
reordering of the magnitude of influence of independent variables. Relatively, one
variable wrongfully shows more influence on the dependent variable than another

variable.
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Inaccurate information comes about from experiments when data is culled in an
uncontrolled environment such as when an imperfect instrument is used to make
measurements. Any instrument introduces uncertainty but instruments in which
uncontrolled effects are ignored are especially uncertain. An example is the use of
an unshielded thermocouple to measure temperature changes due to a radiant fire
source. The radiant heat absorption by the thermocouple biases the reported
temperature and the information thus gleaned is inaccurate. In modeling the
inaccuracy may manifest itself through the imposition of a biased relationship on

variables such as a curve-fit to inaccurate data.

Confused information shows itself in the sensitivity distributions as a random
reordering of the magnitude of influence of independent variables. Confused
information occurs regularly in experiments. Improperly measured, recorded or
reduced data would be at cause. Such a case may occur if an instrument
malfunctioned and recorded a value of zero for a variable that was not constant or
zero. The zero value rather than being discarded would possibly be incorporated
as good data and result in confused information. For a model the use of such
experiment data would introduce confusion into a model. Also, a dependent
variable can be identified as a function of wrongful variables or associated by
wrongful relationships due to a misunderstanding of the physics. These mistaken
substitutions of variables and relationships provide confused information in the

model. The result is model correspondence uncertainty due to distortion.
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Focusing on the sensitivity comparison of the model relative to the phenomenon,
the number of input variables in the model is greatly reduced. The explicit
equations restrict the phenomenon to that considered by the mathematical
apparatus. The mathematical apparatus includes variables and relationships
among variables. Certain variables and relationships are difficult to incorporate
into the model because they are explicitly inaccessible to the modeler. The
important variables and their relationships may have been derived from biased
experiment data. The result is that those variables are represented in a perverted
fashion or perhaps are omitted completely. The relationships among variables

may be incomplete or distorted, as well.

Model correspondence uncertainty results from imposing experiment and
mathematical techniques to reduce a phenomenon to an explicit set of equations.
The reductionist approach to capturing a phenomenon is acceptable only if the
corresponding uncertainty is accepted as well. The derivation of a validation
method continues by presenting a qualitative way to further understand the

complementary notion of information and correspondence uncertainty.

5.3 Qualitative Presentation of Uncertainty and Information

Given the concept of model correspondence, a tool is necessary to visualize how

the distorted and incomplete information in a model becomes a quantity of
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uncertainty. The Venn diagrams in Figure 6 show how the relationship between a
real phenomenon, X, and a model simulation, Y, governs the amount of
correspondence uncertainty and genuine information manifested. The diagram at
the upper left shows there is no correspondence in X and Y. No correspondence
means that X contains only distorted and incomplete information about Y. Thus
the relationship of X to Y is one of total ignorance since no genuine information
exists in X about Y. The diagram at the upper right shows that X exactly
corresponds to Y. This total correspondence means that no incomplete or distorted
information exists in X about Y. The lower diagram shows how partial

correspondence manifests itself in both some information and some uncertainty.

No Correspondence Total Correspondence

Partial Correspondence

Fig. 6. Venn diagrams showing different associations between X and Y yielding information and
uncertainty. The crosshatched areas represent information. The hatched areas in the circles
represent uncertainty.
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Partial correspondence is the most common case. Models that have no
correspondence are not useful and are discarded. Models that have total
correspondence are the physical laws which science seeks. As models these laws
are rare. A set of models describing the same phenomenon will contain a range of
partial correspondences. The dual information and uncertainty nature of models

provides a spectrum of models with varying validity.

5.4 Quantitative Presentation of Uncertainty and Information

A further gain can be made toward deriving the model validation method by
casting the qualitative concept of model correspondence uncertainty into
mathematical terms following Li and Vitanyi.”> A mathematical framework for
uncertainty exists within Information Theory. It is within this realm that we can

find a solid formulation of a criterion for model validation.

Claude Shannon is considered the father of information theory. His truly seminal
work”**1* in the late 1940's characterizing signal transmissions was
revolutionary. The mathematical framework that he developed has been shown to
be quite powerful and generally applicable to any communication process. In
general terms, the relevance of his work here is the analogy between signal

reliability and model validity.
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5.4.1 Signal Reliability

Signal reliability seeks to account for uncorrupted information transmitted from a
source to a receiver. The reliability of a signal depends upon the transmission rate
and the channel capacity. As the transmission rate increases beyond the channel
capacity error is introduced to the signal. Then the received message differs from
the sent signal. The limit for transmission with a negligible error was found by
Shannon to be the channel capacity. Therefore given the limits of the channel
capacity, how can one send information more quickly? Signal compression
reduces the size of the message so that it takes less time to send. Operating at or
near the channel capacity one can then send more compressed signals than
uncompressed signals. Signals can only be compressed in size to a limiting value
because of errors that arise in interpreting the message at the receiver. The limit
on compression was found by Shannon to be the entropy of the signal. Entropy

measures ignorance® or uncertainty.

A data compression scheme’ is a procedure for probabilistically weighting data in
a signal by its frequency of occurrence in the message. For instance the English
language uses the letter “‘e” most frequently and letters like “x” or “q”

infrequently. Some coding schemes are therefore based on a probability

distribution of the frequency of letter usage in the English language. A signal of
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English text would likely be compressed by coding the letter “e” with one bit (1)
and coding “x” with five bits (11010). Each bit for a coded letter has an equal
opportunity to switch due to noise from a zero to a one or from a one to a zero. So
letters that are assigned five bits have five greater times the chance of incorrect

receiver interpretation compared to letters that are assigned a single bit.

Consider the letters of the English language to be a random variable, X, which can
take on any of the twenty-six values a,b,c,...x,y,z. A data compression scheme

incorporates a probability distribution over X. The entropy”>*"°

of the signal
characterized by random variable X with probability function P(X) is;

H(X) = -log, P(X)

The entropy value computed from any data compression scheme provides a
measure of the uncertainty that the received message will match the sent signal.
The entropy may therefore be interpreted as a measure of the reliability of a signal

from a data compression scheme.

5.4.2 Model Validity Analogy

Model validity may be viewed analogously. Figure 7 shows the analogy

schematically. The conceptual framework common to a set of models is a channel

connecting the phenomenon (source) with a simulation (receiver). The
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phenomenon emanates information that humans perceive as observational
evidence. The set of emanations of the phenomenon is the signal that is sent. The

model simulation is the message that is received.

Emanations
of the
Phenomenon

Model
Simulation
of the
Phenomenon

Fig. 7. Model validity as viewed in a signal reliability context.

Since this discourse is interested in comparing models based on validity, different
models can be visualized as a set of parallel channels from the same source to the
same receiver. The model equations are a compressed version of the phenomenon
expressed by the common conceptual framework. The models are compared
based on the reliability of their compression schemes. Different modeling

schemes can be compared by calculating the entropy of each of the schemes in
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simulations of the phenomenon. How well the simulation matches the inner
workings of the phenomenon depends upon the miscommunication introduced by

the different modeling schemes.

The entropy is the characteristic uncertainty of the modeling scheme. The entropy
reveals the uncertainty that the simulation resulting from a modeling scheme will
match the workings of the phenomenon the model was meant to represent.
Entropy is a mathematical measurement of the model correspondence uncertainty
that was shown qualitatively. With some further changes this entropy measure

will become the criterion for measuring the validity of different models.

There are other forms of the entropy function for conditional probabilities. They
are collectively used to determine the reliability that is involved in signal
transmission. Transmitted information is the same as genuine information that

was shown in the previous Venn diagrams.

The relationship for the conditional entropy’ of random variable X given Y,
where X may be considered emanations by the source such as observational
evidence and Y may be considered a model simulation is

H(X/Y) = -—log, P(X/Y).Similarly, HY/X) = -log,P(Y/X)
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Information transmission,” T(X,Y), is a quantitative measure of the genuine
information in the evidence, X, and the model simulation, Y. The goal in sending
compressed messages and applying modeling schemes to applications is to

maximize transmitted information while minimizing uncertainty.

Transmitted information’ of random variables X and Y is symmetrical and is

represented as, 7(X;Y) or T(X;Y).

Transmitted information can be calculated when one has values for the entropy
and conditional entropy of the sets X and Y. Therefore,

T(X;Y) = HX) - HX/Y)orT(Y;X) = HY) - HY/X).

The two expressions for transmitted information above are equivalent since the
transmitted information is information shared between the two sets X and Y such

that 7(X;Y) = T(Y;X).

Figure 8 adapted from’ Cover and Thomas shows the relationship between
entropy, conditional entropy and transmitted information. This Venn diagram
representation builds on Figures 6 & 7. In this case entropy of the evidence is
shown here in terms of H(X). Entropy of the model is shown in terms of H(Y).
The overlapping area represents transmitted information T(X;Y) by the model

about the evidence. The areas of the sets which do not overlap, H(X/Y) and
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H(Y/X), are the respective conditional entropies of the evidence given a model

and the model given known evidence.

Entropy of the
Evidence
H(X)

Entropy of
the Model
H(Y)

Transmitted
Information
TX;Y) =

T(Y;X)

Entropy of the
Evidence given 2
Model H(X/Y)

Entropy of a
Model given
Evidence H(Y/X) |

Fig. 8. Relationship between uncertainty (entropy) and information shown using Venn diagrams.’

The entropy of the model (employing any of the possible modeling schemes A, B
C,...,H) when the evidence is known is the measure of validity that will be

derived. This conditional entropy value measures the correspondence uncertainty
of the model to the emanations of the phenomenon as measured by observational

evidence.
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6 THE MODEL VALIDITY CRITERION (MVC)

Deriving a model validity criterion requires that we apply the mathematics of
entropy and transmitted information to the concept of the model correspondence
with the phenomenon. There is a single difficulty that remains. The difficult is in
obtaining a representation of the phenomenon in abstract terms. Phenomena are
usually observed with human senses or measuring instruments. It is the recorded
observations under controlled conditions that we use as abstract representations of
phenomena. The phenomena must be represented in terms of experiment data for

further analysis of model validity to proceed.

The appropriateness of data for measuring validity is a topic of concern. Some
have pointed out, as has this discussion, that experiment data is steeped with
uncertainty such as incompleteness, distortion and repeatability. There are three

replies to these challenges.

The first reply is that experimental uncertainty exists and cannot be eliminated or
ignored by this method. However, the use of validation test data sets that contain
replicate tests gives robustness to the analysis by providing evidence of variability
of data due to repeatability issues. Replicate tests in a data set include the

uncertainty in the reproducibility of results. These tests are preferred as
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representations of phenomena although they are not required in the new method

for validation.

The second reply is that experiment data sets must be used because there is no
other choice available. The emanations of a phenomenon must be reduced to
observations in order to make an analysis. Necessity dictates that we use data for
part of the validity measurement not having to do with the model equations but

rather with the predictions of a model.

The third reply is that the strategy for model choice and the model validation
method derived here does not depend upon data alone. The model itself is

evaluated as mathematical apparatus representing the phenomenon.

6.1 Derivation of the MVC

By the definition of transmitted information, the amount of information
transmitted by the data, D, about the model, M, must be the same as the amount of
information transmitted by the model about the observed data. Therefore,

T(D;M) = T(M;D). The transmitted information may be decomposed, again

by definition, in terms of entropy and conditional entropy and is represented as,

H(D) - HMD/M) = HM) - H(M/D).Solving this equation in
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terms of the conditional entropy of the model given the data gives the following

relationship, HM /D) = HWM) + H(D/M) - H(D).

The term on the left-hand side is the model correspondence uncertainty. This is
also the entropy in the model as a compressed version of the conceptual
framework given the empirical data available to represent the real phenomenon.
This is a quantifiable term that measures the quality of validity in a practical way.
The right-hand side can be simplified. Then the remaining terms can be quantified
so that a numerical result is produced. These matters are outside the scope of this

particular appendix.

The model validity criterion is thus defined as the amount of correspondence

uncertainty or entropy of a model. Therefore, MVC = H(M /D). The validity

of'a model can be computed by calculating the MVC.

6.2 Strategy of Minimizing Correspondence Uncertainty

Validation is a process of model evaluation that seeks to gauge how well a model
corresponds to the real phenomenon that it was meant to represent. The strategy
for comprehensive fire model validation is to choose the model with the least
amount of correspondence uncertainty or entropy. The amount of model

correspondence uncertainty is calculated for a model using the MVC.
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7 CONCLUSION

The benefit of using a validated model is that model predictions may be used in
subsequent applications with more confidence. The most accurate predictions are
made by choosing the model which has been validated for scenarios which match
the given application scenario. If no match exists the modeler would choose a
model that has been validated for a similar scenario. If no model validated for a
similar scenario exists, which is the most likely case, then the modeler would

choose the most general model.

A general model is one with a relatively large quantity of genuine information.
The most general model is a model that has no limitations. An example of such is
a physical law. Since it is not constrained to specific applications, a physical law
is universally applicable with an expansive realm of validity. The nature of a
general model can be characterized in terms of information and uncertainty. That
qualitative characterization can be shown with the Venn diagrams of Figure 6.
The most general model is identified by the Venn diagram illustrating total

correspondence.

Genuine information was previously found to be a quantitative value representing

the content of a received message that corresponds to the sent signal. Taken into a

modeling context, genuine information is also the content of a model that
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corresponds to the real phenomenon represented by a set of validation data. The
MVC method calculates the amount of model correspondence uncertainty
introduced by a modeling scheme. Because of the dual nature of models the
amount of uncertainty is complementary to the amount of genuine information
preserved by a modeling scheme. Therefore less uncertainty means more genuine

information.

Model correspondence uncertainty was demonstrated as incomplete and distorted
information introduced by a modeling scheme. This uncertainty is a measurable
quantity in terms of entropy. In the present context the entropy of a modeling
scheme measures the mismatch between the evidence from a real phenomenon
and a model. Entropy provides a measure of the model correspondence
uncertainty. Model choice based upon the strategy of minimizing correspondence
uncertainty and therefore entropy provides the model that best corresponds to the

phenomenon.
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