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Abstract

Problems arnsing from nonlinearities in modelling gas-solid catalytic reactions are
addressed. Model /dnta sets taken from the literature are used to illusteate these
problems and how they max he overcomne.

Least Squares is one of the most widely used paramneter estimation criteria in
the scientific and enqineering fields. Leant squares regression is reviewed for smodels
which are hoth linear and nonlinear in the parameters. Its simplicity and reliability
with linear least squares has led to its application to nonlinenr maodels.  Unfor-
tunately this practice often leads to misleading inferences, the severity of which
depends on the extent of nonlinenrity of the model/data set in question.

Often, one is not aware of the extent of nonlinearity, and thus the potential
for being misled. Presently available measures of nunlineanty are reviewed and
evaluated. These measures include: Beale's measurea of nonlinennty, Bax'a ias,
Ratkowsky's sampling properties, Lowry's maymmetry mensure of bina and the Bates
and Watts rclative curvatures,

Dealing with nonlinearity is essentinl, as is identifying it. There are several
options available when working with nonlinear model/data sets. transfurinations of
the response, quadratic approximations and reparnmeterizations. Advantages and
disadvantages of the methods are discuased.

The extent of nonlinearity is specific {for a given model data srf. Aa such the
extent of nonlinearity for a given maodel can vary for different data seta The man
objective of this work is to obtain data sets which will result in the most linear
behavior. This data set will be determined in a sequential design atrategy.

The aforementioned measures of nonlinearity were screened for ther amitabulity
as design criteria to mect this end. The Bates and Watts relative curvatures and

Box's bias were identified as potential design criterin. These menaures wete teated



using simulated, sequentially designed experiments for gas-solid catalytic rate mod-
els from the literature as starting points.

The accuracy of the relative curvatures and the bias as measures of the extent of
nonlinearity were evaluated before and after simulating experiments. Comparisons
of linear approximate-shape and exact-shape confidence regions indicate that the
relative curvatures are reliable measures of the extent of nonlinearity. Box’s bias
measure was found to underestimate the extent of nonlinearity. Reductions of the
extent of nonlinearity as indicated by both measures was confirmed by improved
coverage of the exaci-shape confidence regions by the linear approximate-shape
regions.

The relative curvatures and bias were formulated into two design criteria, wmin-
imum parameter effects curvature (PEC) and minimum sum of squares of biases
{SSB). These two designs were also compared to the D-optimal design for precise
parameter estimation. Compatibility of a minimum nonlinearity design and the
D-optimal design is highly desirable. The three designs were compared based on
reductions of the parameter effects curvature and the volume of the linear approx-
imate confidence region. The designed run locations and design surface (PEC and
D-optimal only) were also compared. The SSB and PEC designs were effective at
improving parameter precision. The D-optimal design also lead to overall reduc-
tions of the extent of nonlinearity. However in certain cases the D-optimal design
did result in minor increases of the parameter effects curvature. Based on this and
comparisons of the designed run locations and design surface: the PEC and SSB

design criteria were not wholly compatible with the D-optimal design.
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Nomenclature

Bi

pre-exponeatial constant in the Arrhenius and

Van't Hoif expressions

the acceleration array used in calenlatine the reiative
CUIvALlUTey

intrinsic soulineanty portion of the aceeleration asrav
parameter eifects nonlineanity portion of the

acceleration array

concentration of oxygen (see text for units)

concentlalion i by diocatbon {see teat fur wts)

nait vector used to ealeulate the miaximum relntive CUTVALITe,
randow error term for the £ reaponne

vector of 1 randum errors

activation energy in the Arrhenius and

Van't Hoff expressions

equivalent to x,

representation of a nonlinear modei

vector of & models in the nonlinear multireaponse cane
the nk < p matrix of first derivatives of 18

with respect to 8

p > p matnix of the second derivatives of a model

with respect to the parameters

kurtosis, mensure of the peakedness of o paraneter's
distribution as measured in Ratkowsky's Monte Cazlo winilations
equilibrium adsorption constant of gaseous romponent xx

inverse of the R matrix from the QR decompimition
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QR

(XTX)152

v,

decomposition of V. used to determine the length of the
components of ﬁhr and 7"~

urthogonal matrix from the QR decomposition

useq to calculate the relative curvatures

upper tnangular p x p matrix from the first p rows

of R in the QR decomposition

skewness, measure of the symmetry of a parameter’s distribution
as measured by Ratkowsky's Monte Carlo simulations

first derivatives in & space

matnx of first derivatives of a nonlinear model w.r.t. the o parameters
second derivatives in ¢ space

matrix of second derivatives in J space

t*h response
vector of n responses

predicted response for the ¢** experiment

vector of n predicted responses

1 x p vector of the operating variables or functions of
the operating variables in a linear model

n X p matrix of the operating variables or functions of
the operating variables in a lirear model

often termed the information matrix, the variance-covariance
matrix of a linear model

n X p matrix of first derivatives of a nonlinear model
with respect to the 8 parameters

n X p X p matrix of second derivatives of a nonlinear
model with respect to the § parameters

n X p matrix of first derivatives of a nonlinear model
with respect to the ¢ parameters

n X p X p matrix of second derivatives of a nonlinear
model with respect to the ¢ parameters

parameter ¢ in a linear model

least squares estimate of parameter i in a linear model

a vector containing the p parameters in a linear model
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3 a vector containing the p least squares estimates of the
parameters in a linear model
- the distribution of the excess variance as determined by

Ratkowsky's Monte Carlo simulations

Qj_%_xg:_al partial derivative of a nonlinear model with respect to
model parameter 8,

€ the residual, v, — ¥,, an estimate of e,

€ a vector of n residuals

Th a bfted line on the solution locus

n(8) represeatation of a nonlinear model with parameters ¢

M tangent to the lifted line, oy, at b - 0

T acceleration of the lifted line, m, at b - 0

rv intrinsic enrvature. a measure of the intrinsie nonlinearity

A ratio of IV tu the test statistic for significnat
intrinsic nonlinearity (significant if ¥%~1)

rT parameter efects enrvature, a tensure of the parnmeter ofect
nonlineanty

rTR ratio of ['7 to the test statistic for significant
mtrinsic nonlinearity {significant if 77 .}

rie scaled parameter effects curvature ratio, waed 1 sisulntions
to account fur changing variance entiziiates
vector of p parameters

v k » k variance-covanance matrix of the reaponses i
the multiresponse case

a? the true unkaown variance of the responae

al an cstimate of o?

8, parameter 1 in a nonlinear mode)

6 vector of p parameters in a nunlinear muodel

1

T test statistic for significant parameter eifects or
VEirea

intrinsic curvatuses
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Chapter 1
Introduction

Catalytic rate models play an important role in the sciences and engineering. They
are used for investigating mechanisms of catalytic reactions as well as for designing,
optimizing and controlling reactors. That they be reliable is essential.

Development of reliable models requires estimation of the model parameters and
predictions as well as measures of their precision. The adequacy of the model must
also be tested. Least squares regression is the most common method for parameter
estimation. Under certain reasonable assumptions about the distributional nature
of the error associated with the data, models which are linear in the parameters have
several desirable properties. Estimates of model parameters are unique and easily
obtained. The estimates of the paramecters and predicted values of the response
variable are accurate (unbiased), have minimum variance (precise) and are normally
distributed. For linear models, statistical theories required for drawing inferences
from the analysis are well developed and reliable.

Unfortunately, catalytic rate models are usually nonlinear in the model param-
eters (e.g. rate and adsorption constants). Unlike linear models, nonlinear models
present problems in parameter estimation and the parameters and predicted re-
sponses do not have the properties of linear models. Statistical theories for nonlinear
models are not well developed, making inferences difficult and unreliable. Properties
of nonlinear models approach those of linear models asymptotically as the number
of data approaches infinity but in most cases small data sets are encountered and
all aspects of nonlinear model building are suspect. The severity of these problems
depends on the degree of nonlinearity of the model/data set. Dependable inferences

1



CHAPTER 1. INTRODUCTION 2

are necessary as a starting point to any equipment design, process control or other
goal. Consequently. a nonlinear model/data set which approaches linear behavior
is desirable.

Precision estimates associated with model parameters and predicted values of
the response as well as tests for model adequacy are easy to obtain and understand
for linear models. This has lead to linear least squares theory being applied to
nonlinear models after linearization (i.e. a first order Taylor series expansion) of
the model about the least squares estimates of the parameters. The validity of this
approach depends on whether the nonlinear model can be adequately described by
this approximation in the vicinity of the least squares estimates; this depends on the
degree of nonlinearity of the model/data set. When the model is highly nonlinear,
estimates of the precisions of the predicted values of the response and parameters
obtained by linearization may be very poor.

Since the reliability of the linear approximation depends on the degree of non-
linearity, an evaluation of the extent of nonlinearity of a model/data set is in-
dispensable. Several measures of nonlinearity have been proposed, including the
relative curvatures of Bates and Watts [1], Box's bias [2], Ratkowsky's sampling
properties {3}, Lowry’s asymmetry measure of bias (3] and Beale’s measures of non-
linearity [4]. However these measures have rarely been employed in catalytic rate
modelling.

Having determined the extent of nonlinearity of a model/data set to be signif-
icant, the question becomes what to do about it. Transformations of the response
have long been used to linearize models; this was the ounly way of obtaining pa-
rameter estimates before computers made optimization routines feasible. However
this procedure has serious potential pitfalls which have been well documented in
the literature [5,8]. An example of these problems is presented in Section 2.0 1
Reparameterizations have been shown to greatly reduce the extent of parameter
effects nonlinearity [3,5,7]. The types of nonlinearity will be discussed in detail in
Section 2.4.1. Reparameterizations result in “new” paramecters which are functiona
of the “original” parameters. Estimates of the original parameters can be obtained
from the new parameters fairly casily, but estimates of their precimon i not w0
easily recovered. This becomes increasingly difficult as the number of parameters

increases. Often, the objective of a study is to obtain estimates of the parametern



CHAPTER 1. INTRODUCTION 3

and their precision; in such a case it would be preferable to use the original param-
eters. Also, reparameterizations do not reduce the extent of intrinsic nonlinearity.
Hamilton et al. {8] suggested using a quadratic approximation to account for intrin-
sic nonlinearity, as opposed to the more common linear approximation. However
this quadratic approximation requires non-standard software, which is not widely
available. In any case, Hamilton also showed that the intrinsic nonlinearity is often
not a problem.

An alternate approach to dealing with nonlinearity, which would overcome many
of the disadvantages of other methods, is to design the experiments. Run locations
would be chosen to minimize the extent of nonlinearity. Bates and Watts [1,9] noted
that the ideal situation would be one where experiments were performed such that
nonlinearity is minimized for the original parameters. They also noted that a design
which minimizes relative curvature (their measure of nonlinearity) could be similar
to a D-optimal design. Hamilton et al. [10} developed an improved D-optimal design
and noted its effectiveness at reducing the extent of nonlinearity. The possibility
of simultaneously improving parameter precision and reducing nonlinearity is of
considerable interest in model building. However, no investigations of experimental
designs aimed directly at reducing the extent of nonlinearity have been found in the
literature. .

As a result, the overall goal of this work was to study the use of designed
experiments to reduce the extent of nonlinearity in nonlinear model/data sets for
catalytic reaction kinetics.

To meet this goal, the investigation was divided into several stages, each with

specific objectives. The objectives of each stage were:

o To identify problems in building catalytic rate models which arise from the
nonlinearity of model/data sets.

¢ To review existing measures of nonlinearity while considering their suitability

as design criteria.
e To evaluate present methods of dealing with nonlinearity.

® To use simulations in order to evaluate the suitability of various design criteria

for reducing the extent of nonlinearity.
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Chapter 2

Background and Literature

Review

This chapter begins by presenting a basic background for both linear and nonlin-
ear least squares, focussing on the problems caused by nonlinearities. Mensures
of nonlinearity which have heen reported in the literature are then reviewed and
evaluated. Finally, the various methods which have heen reported to deal with non
linearities are identified and evaluated, particularly as they relate to catalytic rate
models. In this thesis matrix notation is used to represent quantities in a compnct

form; matrices being denoted by bold face letters and symbaols.

2.1 Linear Least Squares

Meodels may be classified by several methods, one possible classification is haned on
whether a model is linear or nonlinear in the parameters. A model in linear if the
response is a linear function of the parameters to be estimated {an opponed o the

operating or independent variables). The linear maodel 18 represented by

Y=X3+¢ 121

or equivalently

yg"—"812|;"'332,:-?*"'+ pZip - t-- 1,2, . n e 2t



CHAPTER 2. BACKGROUND AND LITERATURE REVIEW

[ 43

where Y = [y1,32,.-.,¥a]T is an n x 1 vector of observed values of the response
variable, 3 = [31.3:,...,3,]T is 2 p x 1 vecior of parameters to be estimaied, X
15 an n X p matrix containing values of the operating variables or functions of the
operating variables
T ... Typ
X=| + - 3 (2.3)
Tni ++v Tmp
and e is a vector of random errors associated with the measured values of the
response. .
€1

e=|" (2.4)

€n

The least squares estimates of the parameters, 3, are those which minimize the sum

of squares of the residuals

SSR=) (= 7) = 2 (7 —xB) = e (2.5)
=1 t=1
where the n residuals are given by
€1
€3 -
e=|  |=Y-X3 (2.6)
€n

The term e, has a probability density given by p(e;) and represents the random
error associated with the observed value of the response. The residual, ¢, is not
equivalent to e;. The residual accounts for the random error plus any discrepancies
arising from model inadequacies and use of estimates of the true but unknown values
of the parameters. Consequently, the residuals are used to test the model for lack
of fit and, for an adequate model, provide estimates of the random errors.

The least squares estimates for 2 linear model can be found directly as

B8 =(XTX)1XTY (2

(5]
-)
e



CHAPTER 2. BACKGROUND AND LITERATURE REVIEW 6

The least squares predicted values of the response are given by
Y =X3 (2.8)
Implicit in the use of least squares are several assumptions:

1. Var(zu) =0, t = 1,2,...,n; 7 =1,2,...,p. The values of the operaling
variables or the independent variables are known exactly. In practical terms
this means that the effect of the uncertainty of any operating variable is

negligible compared to the uncertainty of the measured response.
2. E(e) = 0, t=1,2,...,n; i.e. the model is adequate.

3. Cor(eye,) =0, u,v =1,2,...,n, u# v. The random error for any given

observation is not correlated with the random error for any other observation:

4. Var(e;) = o2, t=1,2,...,n; The variance of the random error term is constant
over the operating region. This assumption can be relaxed if the behavior of

the variance is known, in which case, weighted least squares 15 appropriste.

Under these assumptions least squares estimates of the parameters and the pre.
dicted responses are unbiased and of all unbiased estimators have minizmm vari-
ance. A fifth assumption which is usually made is that the random error is normally

distributed, in which case the paramecter estimates are also normaldly distributed.

2.2 Nonlinear Least Squares

A model is said to be nonlinear if it is nonlinear in the parameters and can be

written as

n(0) = E(Y | 8) = [(x,0) {(29)

where (@) is the expected value of the response. The functional relationalup be.
tween the operating variables, x, and the expected value of the responne v f(x,8],
where 8 is a vector of parameters.

In a nonlinear model at least one of the partial denvatives of (@) with trepect

to the parameters will be a function of one of the parametess. Most throseticnl or
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mechanistic models in chemical engineering, or any other field, are nonlinear with
respect to the parameters.

The first problem encountered is obtaining the least squares parameter esti-
mates. The normal equations used to solve for the least squares parameter esti-
mates

85(8) _ 0 f(x,0) f(x,ﬂ)l.r

08

are nonlinear in 8. As such, the solution of these equations for 8 requires an

[Y - f(x,8)] =0 (2.10)

iterative numerical procedure. Descriptions of the numerous algorithms available
for obtaining 8 are given by Himmelblau [11], Draper and Smith [12], and Bard [13].
Many use linear approximations of the mode! involving expansion of the response

function around some value, 8;:

f(x,0) = f(x,90) + Z(e Bio)ui(x) (2.11)

=1

where

w(x) = L2y, (2.12)

These equations also form the basis of much of the statistical analysis of nonlinear
models. One of the problems with nonlinear estimation is the possibility of multiple
solutions for Eq. 2.10, or equivalently, multiple minima of the sum of squares of the
residuals.

The efficiency of nonlinear regression routines depends on the accuracy of the
initial estimates and on the degree of nounlinearity of the model/data set. Tech-
niques for obtaining good initial estimates of parameters have been described in
Himmelblau {11}, Draper and Smith [12], and Bard [13]. The degree of nonlinear-
ity differs for each model/data set and for different paremeterizations of the same
model.

However, a potentially more serious problem than perameter estimation arises
when making inferences about the precision of estimates of the parameters and pre-
dicted response. Inferences are usually based on linear least squnfcs theory applied
to the linearized form of the model. The validity of this approach also depends on
the degree of nonlinearity of the model/data set. If the model is highly nonlinear
then the linear approximation will be a poor one and. s a result, inferences besed

on linear least squares theory mey be misleading. This problem is acceatuated in
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practice if the analyst is not aware that the problem exiata. In thia aituation a
measure of nonlinearity is indispensable. There are several tiensures of nonhineasity
available and these will be presented 1n Section 2.4,

In a linear model, the parameter estimates are a linear combination of the nor
mally distributed observed values of the response variable. In the nonlinear caze
the parameters will not be a linear combination of the observations of the reaponse,
as such, the parameters will not be normally distnbuted and will have an unkunown
distribution. They will also be bhiased and will not have suannus vasanee  As
a result of these undesirable properties of 8, the predicted reaponse will alao have
an unknown distribution, be biased and a0t have muninui vaniance. Sinee the
distribution of 8 and Y are not known, estituates of their preciason, whick 13 based
on a normal distribution. may he nusleading.

The degree to which one can be misled with respect (0 pazamieter piecaon s
demonstrated in Figure 2.1. This figure shows the linear approxinate ahape and
exact shape confidence regions for the parameters A, and [ the pre evponentiai
and activation energies of the Arrhenina expresmian, reapectively, fr an axygen
adsorption rate constant. These were obtained {rom a noniaathiernial form of the
model proposed by Juusula [14; for the eatalytic oxidation of henzene ancorparating
Arrhenius and Van't Hoff expressions. The maodel conmated of {ur parametess
which were the pre-exponentinl constanta and activation energirs {or the Arthenius
type relationships. The confidence regions aliown an Figure 21 are canditinnal
confidence regions, the condition being that all other paraineters aze faed, ueually,
as in this case, at their least squares eatimates A more detmled discuaecn 4

confidence regions is given in Section 2.3.

If the model proposed by Juusola were linear then the twa tegions wonid miateh
In fact the two regions match very poarly indicating that the Lnear approsmation
is extremely poot, i.e. the model i lughly nonbnear Infrrences hased o lineay
appraximations would be munleading in severad seaprets The ypper and lower lin
its of possible values of E, agree fasrly well, hut those of Ay differ greatiy Tle
linear approximation greatly overestiznates the precnon of Ay Az arezalt o 1ke
poor estimation of parameter precauan, the predicied teeponss recnon based ke

lineanzations «f the mode] mil aden be mudeading
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Figure 2.1: Confidence regions for a nonlinear model

The linear confidence region also includes negative values for A,. This would
suggest that oxygen adsorption is not significant or that the wrong model is being
used. However, looking at the exact shape confidence region only positive values
are included. B

From the previous discussion it is clear that working with linear models is highly
desirable from a practical point of view. After working with nonlinear models this
becomes much more apparent. The ideal situation would be one where nonlinear
models approach linear behavior. There are ways to achieve this end; the response
may be transformed such that the parameters appear linearly, the model can be
reparameterized or more experiments can be performed. The merits and short-
comings of the various methods will be discussed in Sections 2.5.1, 2.5.2 and 2.5.3

respectively.

2.3 Estimates of Precision

2.3.1 Linear Models

There may be several reasons for modelling a process and one of these is to obtain
information regarding the parameters. This information usually consists of the

parameter estimates themselves and their joint precision.
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Individual marginal confidence intervals are by far the moat conunen and 2un
plest means of describing a parameter’s precision For a huear model the iitezval
described by

Jd, = g\ Van Jd, ) A
can be regarded as having a 100(1 - @)% probability of contauming the true unknows
value of 3;, where a is the level of significance. The variance of j, i given by the
i’th diagonal element of the variance-covariance matnx (XTX 1 Po? soia the numbe:
of degrees of freedom associated with a? and ¢, 3 the statintic taken ftoun the !
distribution. The pure error varinnee, 72 i generally unknows, hut for an sdequete

model, can be estimated by

a’ = 214
noop

The precision of a predicted vaine of the reaponae cnn he deectibed by e

100(1 — u;% confidence tuterval
Yo topy Van _\'ﬁ V2
where the vanance of y, is given by:
Viar(v,} - xf(XTXy Yyl (e,

While marginal confidence intervals are mumple and useful, alone they cannct gire
a clear understanding of parameter precision The cotrelation hetween paraeters
estimates must also be taken into account I pazameters ate highly correlated
then the value of one parameter estimate dependa on that of another, whick makes
interpretation difficult. The correlation among the p paraansters can be ahtained

from the vanance-covaniance matrix The correlation hetween 5, and 4, 1

Cov ot ! .

!
'

Conld byt -

where Cov(.‘j...‘j'.) i the 137th element of (XX Pe? In an dead utustoon the
parameiers wmll aot be currelated. 16 Con, 3,0 - 0 Io the wogst rane the
parameters will have a correlatim of ]

The precsion of the pazametrre can be drernbed completedy by o yart oo

dence tepan A yant confidence tepos 1 one that bar s JOKT o T percbalaity
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Figure 2.2: Confidence regions for a 2 parameter linsar model

of containing the true but unknown values of the paremeters. This region contains
the values of 8 which satisfy the inequality:

(8 —B)T(XTX)Y(B - B) < pi*Fypc (2.18)

where F,,,, is the appropriate F statistic with p ‘and v degrees of freedom. The
region described by Eq. 2.18 is ellipsoidal. Figure 2.2 is a confidence region for a two
parameter model. As can be seen, the possible values of 8, depend on the value of
B, i.e., they are correlated. One cannot simply quote the precision of a parameter
estimate without knowledge of the other parameter(s). This illustrates the need to
consider correlation when evaluating parameter precision.

When there are three or more parameters the region becomes a p dimensional
ellipsoid. As the number of parameters increases, interpretation of parameter pre-
cision becomes increasingly difficult. Practically speaking multiparameter cases are
treated with a pair of parameters at a time, fixing the other parameters, usually
at their least squares estimates. These are conditional confidence regions and they

represent slices of the actual volume.

2.3.2 Nonlinear Models

As noted earlier, inferences for nonlinear models are not as straightforward and

reliable as for linear models. Precisions of parameter estimates and the predicted



CHAPTER 2. BACKGROUND AND LITERATURE REVIEW

L

—

response are usually determined in a manner analagous to that of Lunear wiodels
However. in the nonlinear case, these estimates of precision are vy approtinate,
their validity depending un the degree of nonhineanty.

Individual marginal confidence intervals are deternuned as for hinear modele but

using an approximate variance-covariance matnx, (XTXG 'e? Xoas abtauned fon

Sf(x..el H‘hxhﬂ;‘
X - : . | .
‘ {Jj_!x.““().] l'?' !...0: i
L~ 95, |

When dealing with a linear maodel, Eq. 2 19 mindependent of the parametess andd
will give Eq. 2.3. The precision of the predicted reaponse can e approosinated
by Eq 2.15 where x; s analogous to a row of Eq 2180 The carrelation suatn s
constructed from Eq. 2.17 and Eq. 2,13 and 1t teo i3 an appragmation

The confidence region desenbed by Eq 218 will also be approxnnate for o
nonlinear model and will be called the hinear approximate shape canfidence tegion
Oue can alsu Gbiatn exact-shape coutidence regian fod a bolatrad e daree
regions are based on the contours of the sum of 2qunazes of reatdunles The reguon e

defined by values of 8 aatisfying the inequality

-
P — 1 dh

s@) - s@y1. " F
n p

However, since the form of distribution for @ 10 not known, the probalabity ievel e ap
proximate. The shape of the region defined by Eq 2 20 depende un the nuodel data
set and mnust be found by some type of wearch finding these regions s demanding
in terms of computational cfort and the analyst’s tune  Aa with hineas sudels,
when more than two parameters are involved, slicee of the confidence yodume are
considered. For a linear midel the shicrs will always be cllipeee aa the volunne Jvaelf
is cllipsoidal. For a nonlinear mude] the cxact aiapr confidence reguon may heve
a completely unpredictable shape The conditional rzast shage romSdenre tepine
{or 8, and 8, may change shape {or diffezent vadues of the (ther parametess ar was
shown by Emig and Hoete 13

As a noalinear mode] data et appromches hnear belariar, thes the epaet thags

confidence sepon will mateh the apprarsmate shape tepeen Comnpaning (e 1o
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types of confidence regions will give the analyst a qualitative evaluation of the degree
of nonlinearity of the model/data set. A quantitative measure of nonlinearity which
is simple to evaluate and accurate would be very useful. Several methods have been

proposed to do this and are discussed in the next section.

2.4 Measures of Nonlinearity

Measurement of the extent of nonlinearity of a model/data set has been the sub-
ject of much work. One of the earliest measures was developed by Beale {4]. An
important aspect of Beale’s work was that it recognized that nonlinearity has two
forms, a form intrinsic to the model and a form which depends on the parameter-
ization used. Box [2] developed a quantitative measure of the model parameters’
bias. Ratkowsky [3] developed a procedure using simulations to obtain a measure
of the parameters’ bias as well as other information about the distributional nature
of the parameters, Bates and Watts [1] developed the relative curvature measures
of nonlinesarity. Like Beale’s measures, the relative curvatures measure two types of
nonlinearity, intrinsic and parameter effects. The relative curvatures are based on
geometric interpretations of the solution locus and parameter co-ordinate system,
Before describing the measures an example is used to illustrate what the solution

locus and parameter co-ordinate system are.

2.4.1 Geometric Representation of Nonlinearity

An example from Ratkowsky [3] is used to describe the solution locus and coordinate

system and how they are related to nonlinearity. The model is
y=2z° (2.21)

There are two observations, 3, = 2.05 and y, = 10.0 which were made with the
operating variable at z; = 2 and z; = 3. The observed responses can be represented
graphically in the » dimensional response space by the vector Y. As shown in
Figure 2.3, the endpoint is given by y; and y; or (2.05,10.0). The solid line is the
locus of the predicted value vectors for all values of 4. For example, for £, = 2 and
z3 = 3 and & = 2 the predicted value vector is (4.0,9.0). fé=1thenY = (2.0,3.0),
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which is another point on the solution locus. The value of 8 un the solution locus
is that which minimizes the distance between the vector of obaerved responses Y
and the solution locus. Since that point on the solution locus 13 Y, the length of
the distance between the two vectors is
n
v . 13
1Y - Y fj=3 (3. - %) = SSR (222
t=1

which is the sum of squares of the residuals. If there were three obaervationa there
would be a third axis, Y, and so on for larger sample sizes.

The markings on the solution locus represent cqual increments of 8 in ateps f
0.5 and they represent the coordinate system for this model. Fur a two parametes

model the coordinate systemn would be a grid on a surface.

o0 3.0 .8 "o

Y

Figure 2.3: Geometric representation of nonlineanty

Nonlinearity is present in two forma in this example. The shape of the solution
locus reflects the degree of intrinsic nonlineanity. The spacing of the coczdinate
system relates to the degree of parameter effects nonhineanty In the case of & inea:
model the solution locus would be an infinite strnight hine and equal incremente of
6 would be equally spaced. In the multiparameter care the eadution lorue weouid
be an infinite hyper plane and the cnordinates of the paramnrtese wonld be cqually
spaced, straight snd paraliel.

Intrinsic sonlincarity is, as the name suggests, fized for that pazticulas model data

sct and can only be changed by increanng the sample vt The operating conditims
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under which the data were collected also determines the degree of nonlinearity. If
the data were collected such that Y= (1.0,1.0) then the intrinsic curvature would
be greater because the solution locus is more curved in that vicinity. The parameter
effects nonlinearity would also be different in this case.

The parameter effects nonlinearity can also be changed by reparameierizing the

model. If the previous model is reparameterized as:

y = zl°e® (2.23)

then the analogous figure for this new parameterization is that shown in Figure 2.4.
Note that the solution locus has not changed, hence the intrinsic nonlinearity is also
unchanged. The coordinate system has changed considerably and equal increments

of ¢ are more equally spaced than with the § parameterization.

Q
o
-

8.0

Figure 2.4: Geometric representation of a reparameterization
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A reparameterization expresses the same model with new parnmeters which nie

a function of the original parameters alone. For this example,

B =f(o) =loxge 12.24)
so that:
é=f1(8) = 10 12250

¢ is a function of 8 alone. Equations 2.21 amd 2.23 nre ditferent parametenzation:,
or forms, of the same model. Reparameterizations do not change the reintion-bun
between operating variables. This is further illustrated by reparnmeterizing o one

alytic rate model of the Hougen-Watson type
EKyKsPyPs

r= 1226

(1 + KuPu - WsPs)

where the rate and adsorption equilibrium constants &, Ky and K are the parame
ters to be estimated and the partial pressures Py and Pg are the operating vaninbles.
The model can be reparameterized in several ways. Ratkowsky 7) auggested a gen
eral reparameterization for models of this type in which wll the pazanetens appeas

in the denominator,

r= Fuls - (2.27)
(@1 =~ 0aPy + 01P3)
where
_ 1
9 = FKnKs
_ 1
¢ = -k-—}-{—s
B 1
Oy = m

He showed that this parameterization was particularly effective su seducing param

cter cffects nonlinearity. This will bhe dincumned in more detasl i Sectaon 253

2.4.2 Bates and Watts Relative Curvature Measures of Non-

linearity

Bates and Watts [1] developed messuzes of nonlineanty with geanetnie intespe

tations called reiative curvatures. They provide sadieatione of the extent of bl
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intrinsic and parameter-effects nonlinearity and are calculated by
'V =) dTANd | (2.28)

I7 =| d"ATd || (2.29)

where d is a p dimensional unit vector, AY and AT are the intrinsic and parame-
ter effects portions of the 3 dimensional acceleration array respectively. They also

developed a test statistic, 7&=, to test for significant nonlinear behavior in the
a

vicinity of 8. The intrinsic curvature is a measure of the non-flatness of the solu-
tion locus. The parameter effects curvature is a measure of the non-uniformity of
the coordinate system caused by the parameterization of the model. The intrinsic
curvature can be interpreted as the inverse radius of the circle which most closely
approxamates the solution locus. The smaller the curvature the larger the radius
of the circle i.e. the flatter the solution locus. Bates and Watts kave also shown
that individual elements of the acceleration array, A_, are related to different types
of non-uniformity of the coordinate system. A detailed discussion of the curvature

calculations is given in Appendix A.

2.4.3 Box’s Bias

As described earlier, linear models have unbiased parameter estimates. The bias of
parameter estimates in nonlinear models is related to the degree of nonlinearity of
the model/data set. A quantitative measure of a parameter’s bias was developed
by Box {2] for the multiresponse, heteroscedastic {nonconstant variance) case. The
measure is very easy to calculate for the single response, homoscedastic case and

the expected discrepancy, or bias, is

E(¢)=E(6-tv) = —5';—- (oo iR, ) S (FTu ( (T, FTF, ) H, )
= (2.30)
where E(¢) is a p x 1 vector of the biases for the parameters, F is equivalent to x,
and H is the n X p X p matrix of second derivatives of the model with respect to
the parameters.
Bates and Watts [1] have shown that this expression for the bias is in fact an

element of the parameter effects portion of the acceleration array: as such Box's
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bias does not indicate the degree of intnnsic aonlineanty N test statistie o
determining the significance for the bias has been proposed althoueh a value oo
10 has been suggesied by Ratkowsky 3.7 . Evenif a test statistic were avaidabie,
inferences about the degree of nonlineanty could still be musleading sinee the buas

represents only one type of parameter effects nonlineanty. Detasls of the denvations

and calculations are given in Appendix B .

2.4.4 Ratkowsky’s Sampling Properties of the Parameters

Ratkowsky ;3! suggested the use of Monte Carlo simulations toostudy the sanc oy
properties of cach parameter. A large number of paramcter eatitiates are Whitnined
by generating a large number of data sets from the original data et Ratkowak:
suggests using at least 1000 such simulated data sets; The st four monents o
cach parameter are then ealenlated, the momenta being the tnean, vananee ete

Using these four moments. estimates of the bias, variance, skewness and kurtona
of the paramecter estimates are ubtained. Theae are then compared to the kuown
sampling properties of a normal distribution, 17 the ratanated aaiigiagg oo st
are not significantly different from those of 2 normal distnibution, thia sugpeste that
the paramecters are normally distributed and that they are linenr combinationa of
the response, i.e. the model ‘data set approachies hinens belinvior Detade of the

method are given in Appendix C.

2.4.5 Lowry’s Assymetry Mensure of Bias

Lowry 116} developed an assvimnetry memaure of as, A, {ur rach parameter  [he
i p ] ] J
mcasure varies hetween 0 and 1 for linear and highly nonlinear maodels reepectinely

While there is no test statistic avaiiable, 1t has heen suggested that aa a snie -f

thumb, A < 1,01 indicates near inear behavior 1{ & - 005 then the aades daia

P

set exhibits aignificant nunhineas bhehavior

2.4.6 Beale’s Mcasures of Nonlinearity

Beale 4! proposed fuur measures of noabineanty  The Gret, N, ¢ cblaimed by

compannag the distance briwern @) and 12 harar apprarimation 1 the dietanee
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between 7(8) and 7(8) for a number of points 8 near 8. The value of N, depends
on the number of points used and the parameterization and as such was called
an empirical measure of nonlinearity for §. As the number of points 8 goes to
infinity, N, approaches a theoretical limit, Ng. The minimum value of N; for any
parameterization is N, and represents the empirical intrinsic nonlinearity of the
model. As the number of points approaches infinity, N s approaches N,.

Beale’s measures are useful since they provide separate measures of nonlinearity
which are intrinsic to the model/data set and also dependent on the paramereri-
zation used. Calculating the measures involves simulations, making computational
effort heavy. Moreover, the measure depends on the number of points and their
location. The measure has also been shown to be inaccurate with highly nonlinear
model/data sets by Guitman and Meeter [17).

2.5 Dealing with Nonlinearity

One or more of the measures described in Section 2.4 can be used to identify the
extent of nonlinearity of a model/data set. If the nonlinearity is significant it is
desirable to reduce it to an acceptable level in order to improve the reliability and

ease of making inferences. There are several ways to do this:
e transformations of the response
e quadratic approximations of the solution locus

® reparameterizations

performing designed experiments

a combination of designed experiments and reparameterizations

2.5.1 Transformations of the Response

Transformations of the response have long been in use in data analysis, and involve
transforming the response (the “y”) so that the model is linear in the parameters.

This method was employed for nearyly every nonlinear model before computers
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made nonlinear regression feasible. Transformations range from inverting the e
sponse, using logarithms or rewriting the model so that the responae or depeadent
variable is a function of the parameters and. or the operating variables.

The main advantage is that the transformed model becomes linenr 1 the pa
rameters. Least squares estimates of the parameters can therefore be ealeulated
directly. Values of the original parmmeters can be obtained from those estimnated.
as can values of the predicted response. However the original parameters abtnined
by this method are often quite different from those obtained frion a nonbnen: e
gression for the original model. The same applies to the predicted reaponne and
estimates of parameter precision. Furthermore different transforimation: van renuit
in different values for the parameters and predicted response. Whickh transforimati .,

should be used?”

These differences arise hecause each transformation leads Lo a pinamisation of

a different sum of squares function. To determine which tranaformation should bLe
used it is necessary to verify the assnmptions implicit in lenat squares analyas For
the following general model, recall that the random error term in asnuined to be

additive and normally distributed

Y = f(x'()).g 231

After transforming the response, say, by inverting it, one obtains

1 i ‘
T e e e A b
vy f(x.8) .
and not

1 1
- T e .« r |..‘ 33!
v fix, 8

Appl_\’ing least sguares to Eq. 2.32 forcen the assumnplion of an additive sandoar.

crror, as given by Eq. 2.33. However, if the actual case 10 that given by Fq 733

then the estimates of the parameters abtaned in this manne: will not, generails be
unbiased nor have minimum variance. Also, il the srepaner wae normally dictrabted
for the original model. it will no longes be wo for the transfinrsned el

An example is used o illustzate the use of such transdurmmatinge Cunsides th:

=

model/data set takrn from Ayen and Priere 18 wha proposed o stuadei Lo the sate
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of catalytic reduction of NO to NH,4
*Kg,Pg,
(1 +Kg,PH, + KnoPNo)

The model can be easily linearized by inverting the response, i.e. the rate of reaction,

rNo = (2.34)

1 _ 1 " 1 + KNOPNO (2.35)
™O0 k IRKHsz2 Kngﬂg

or
y=5+ 5+ Gz (2.36)

where the new operating variables z, and z. are

the new response is

and the new parameters are

— 1‘, = .__1_ _ &No o
L (2.39)

After a linear regression on the model given by Eq. 2.36 the original parameters
k, KH; and Ko can be determined from the new 8 parameters. Table 2.1 compares
values for the original parameters obtained from both models jn terms of the 8
parameters. ,

The confidence intervals for the nonlinear model are taken from the limits of 95%
exact shape confidence regions for the worst case, i.e. the largest and smallest values
of each parameter from all possible pairs of parameters. The confidence intervals
for the linear case are obtained for the 3 parameters from the variance-covariance
matrix of the transformed model. These intervals are then transformed back to the
0 parameters by using Eq. 2.39. The values obtained for all three parameters are
significantly different, i.e. the intervals for the estimates do not overlap. Thus the
use of this linearization transformation would lead to incorrect conclusions about '
the rate parameters.

Transformations are thus generally restricted to obtaining initial parameter esti-

mates for use in norlinear regressions, in some cases even these initial estimates are
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Table 2.1: Comparison of 95% confidence intervals before and after transformation
D

Cunfidence intervals are compared for the original model parameters.
Confidence intervals for the nonlinear model were taken from the lim-
its of the exact shape confidence regions while those for the inear tmoded

are based on the limits for the parameters of the transformed model.

|

) Parameter | Nonlinear AModel : Linear Mouel

Bl |

f - s

l k BEXIOCY C Y6 10" <20 10 P L3 VIOt LE2 e Lt e 2 . 1 !

] i

% Kxo TS5« 107 <11 ‘ 12« 1.6 - 8N
t

; !

' - . - | -y r

| I\Hz 1.0 < 5.18 < 14 ! 17« 2986 . 54

| |

very poor. Transformations are valid when the errar strueture ean he made to more
closely follow the assumed behavior. Problems involved with such transformations

are well documented in the literature, e.g., Bacon (5] and Kittrell et al. {6].

2.5.2 Quadratic Approximations

As mentioned carlier, the linear approximation replaces the solution locus by a plane
and imposes a uniform co-ordinate system for the parametera. The tebabulity of
inferences depends on the validity of this approximation. Quadratic approximations
have been used in order to imprave the more commonly used linear approximation

Hamilton et al.{8] sugg-cstcd using a quadratic approximation of the solutien
locus. They showed that intrinsic nanlinearity can influence confidence regiona
and that by using quadratic approximations these regions could be made more
accurate. However in many cases the planar assumption of the solution locus i a
good one. The intrinsic curvature was acceptable in 22 of 24 cases cxamuned by
Bates and Watts [1' and by Hamilton {8,. These observatione have alan heen noted
by Donaldson and Schaabel {10 and. Ruknwuhy'f:!,?' ns well asin this work  The

ability to improve inferences with nonlinear models 10 always weltame. Howeve;
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the quadratic approximations appear to be rarely needed. Also the method uses
non-standard software (although it is available from Hamilton). The improved
approximation would be useful if the intrinsic nonlinearity was determined to be
significant, as it offers the only alternative to performing more experiments.

Hamilton et al. [10] also used quadratic approximations in order to improve
on D-optimal designs. D-optimal designs (designs used for improving parameter
precision) are based on minimizing the volume of the approximate confidence region
for the parameters, as measured by the determinant of (XTX)-'4%. This volume
is only an approximation for nonlinear model/data sets and the efficiency of the
design depends on the degree of nonlinearity.

They noted that the quadratic design was consistently more efficient at improv-
ing parameter precision. This efficiency depended on the noise level, the greater
the noise level, the better the quadratic design. D-optimal designs are insensitive
to noise level, parameterization and residuals from previous experiments because
they do not take into account nonlinearity effects. D-optimal designs are also not as
robust with respect to initial parameter estimates and in cases with high noise levels
the criterion can lead to inference regions of infinite size. There is no indication of
what noise level is “too high” with D-optimal designs, but there is some warning
with the quadratic design.

Not only did this new design provide a significant improvement for precise pa-
rameter estimation but it also proved successful in reducing the extent of nonlinear-
ity. The design is fully explained in the original paper and examples are presented.
The quadratic designs are not studied in this work but the traditional D-optimal
designs will be.

2.5.3 Reparameterizations

The definition and effect of reparameterizations have already been introduced in
Section 2.4. There is nothing to prevent the use of any parameterization, although
there is usually a preferred one, being that which occurs naturally in building a
mechanistic model. For catalytic rate models these parameters are usually rate and
adsorption constants for the isothermal case and pre-exponential constants and ac-

tivation energies for the non-isothermal case. Having estimates of these parameters
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is very desirable for comparing different systems. 1.e. companng trmperature sena
tivity of the equilibrium adsorption constants, development of better catalyats ete
Essential to making these comparsons are estitnatea of the parameters’s preciaion
Generally speaking there are no guidelines for choosing the beat parnmetenzation
for reducing parameter effects nonlineanity. The analyat must anuply try vanous
options.

Ratkowsky [7] suggested a general parameterization for catalytic rate mendels of
the Hougen-Watson type, an example of which was seen in Section 24 Models !
the Hougen-\Watsan type can be represented ns

) @ Py
{(hiP) + 03ha(P) + - Bhm( P

—-r

TR

The new parameterization has all the parameters appearing o the dencminatos as

g( P
(hl'\p) + C);}l;(p} e \:’H!‘m{ l)_”-‘

_r:

1241

where g, f and k are some function of the parametess 8 or the aperating vanalles
Ratkowsky studied 26 data sets dealing with eatalytic rate stadies o whael T'7 as
reduced in each case by using the reparameterization described above In 17 f 20
cases ['T was reduced to an acceptable level.

One of the cases studied was a model proposed by Hougen and Watson 20 for

the hyvdrogenation of iso-uctenes at 200 °C,

kKy Kiy-Py Py
-_r = - ZTTT Iil *-!:T“l'{'z"l""": ‘: I
(1~ V-'I\H’pu’ « KpPy - KglPg)
After the reparameterization the new model form is
Py, Pr:
. H_l___t._.. PRV {213

Both curvatures were unacceptable fur both parametenzations, however §7 £
the new model form was reduced to less than 10%% of 1te onginal value The sedur
tion in I'T is shown in Figures 2.3 and 2.6 which eompare hinear and rract shaje
confidence regions for the parameter pair exhibiting the grestest degree of nun
lineanty for each parameterization. Fur the onpinal medel bam the apprrarnimate

shape poorly depicts the exact shape confidence tegaon The mateh hetwees the
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Figure 2.5: Confidence regions hydrogenation of iso-octenes, Eq. 2.42

Pair-wise conditional confidence regions showing the poorest coverage by

the linear approximation for all possible pairs of parameters.
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Figure 2.6; Confidence regions after Ratkowsky’s reparameterization, Eq. 2.43

Pair-wise conditional confidence regions showing the poorest coverage by

the linear approximation for all possible pairs of parameters.
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two regions for the new madel fuorm, while still not idenl, s nueh better The evace

shape region is much more elliptical, as it woudd be for a Lneas el

This general reparameterization is very effective, but 1t 1s not alwavs suthiient
to reduce the parameter effects nonlinearity to an aceeptable level and sntrinae
nonlinearity is not changed.

Another difficulty with this appronch is that the contidence repione and eatitates
of parameter precision no longer apply to the original parameters hut to @ lhe

new parameters are nonlinear functions of the original parasetess 1n the TILEREE

exampie
1
o! — ————— e -
l_kKH’i\']jii
v,
o RKH Ko b
- Ky
&y PR
(kKpg Ky
Ko
U4 . __.-.__.‘._.4.. .
(kKy Ky )l

PR E N

To abtain the original parameters ane must aolve, in general, p umultanecous nan
linear equations. Information regarding the onginal paramneters’ preciaion e even
more difficult to recover. Assuming that the limits of the confidence intervais foor
@ are available and reliable, then the upper and lower bounds of @ can e used
obtain the analogous values in the 8 parameters In this case there wonht he p
simultancous nonlinear equations to solve.

Reparameterizations which reduce the extent of nonlineanty alao snprove the
precision of the predicted response and sta sehablality  This ia berause the vas:
ance of the predicted response approaches the minsmus vaziance of a hneas sote’
Reparameterizations do not change the precicted teepanes, 3, iteedf Lyt G change
estimates of its precinion. If reliable and precar cetimatee of Yo oare tequired they,
reparametenizations will certmaly belp On the other Sand of the ultmate goal of o
study is 1o obtain information about the orpnal pasammeters 1t may be preferabiic

to work with the onginal parameters Batee and Watls § neted that while stodaes
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of reparameterizations are important, the ideal case would be one where the ez-
perimental design is selected so that the original parameters themselves have small
parameter effects nonlinearity. The present work is an attempt to accomplish just
this.

Predicting rates at temperatures other than those used to obtain the data re-
quire that the constants or parameters be expressed as Arrhenius type expressions.
These expressions may be fitted individually for each constant by linearizing tlse
expression by using a logarithmic transformations. A better approach is to incor-
porate the expressions into the isothermal model and estimate all the parameters
simultanecusly as discussed by Pritchard [21]. These models are highly nonlinear

and a reparameterization is often used to overcome this. The Arrhenius expression,

k= 4, exp (%) (2.45)

can be reparameterized as

o= Avexp =2k (=T .
L—A,cexp( ) ((TTQ))) (2.46)

where

-E
A7 = Ay exp ( RT:) (2.47)

and Tp is the average or midpoint temperature of the range studied. This param-
eterization greatly improves the convergence of nonlinear routines and is also less
demanding in terms of good initial estimates. The example used in Section 2.2
showed the confidence regions for the Arrhenius parameters as given in Eq. 2.45,
the curvatures for this model are I'V = 0.21 and I'T = 1650(!) and the test statistic
is 0.31. After reparameterizing all the Arrhenius expressions as in Eq. 246, TT
was reduced to 0.90. This dramatic decrease is reflected in the shape of the exact
shape confidence region, shown in Figure 2.7. The exact shape is now elliptical and
the match with the linear-approximate region is quite good. The value for 4; can
be easily obtained for this parameterization and Ej is estimated directly. Again
the problem of using reparameterizations appears, the estimates of precision do not
apply to 4, but to A;. Fortunately the reparameterization is a simple one and

an estimate of the precision of 4. can be obtained by taking the endpoints of the
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regions for Figure 2.7 and calculating
AL
."lﬁ = - -_"?'E—"
exp | HT:)
giving
4.5 < Ay =855 < 1.8 « 10

This confidence interval agrees poorly with that obtained from Figure 2

[BARE

A, whach

ranged from 1.2 to at least 5.0 ¥ 10°*. In {act the exnct-nhape confidence recr

extends beyond this, the full confidence region was not {ound becauae presenting

both regions together wouid result in the linear appraximate-shape regron hene

compressed into a vertieal line. This example shows that even with a simple reva

rameterization, recovenng estimates of precision for the anginal parameters can be

misleading.

30.0

25.04 LINEAR APPROX ORCG.

EXACT SHAPE ORG.

---------------------

20.0~

- x107%)
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15.04

10.04

-
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-
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60.0 625 63.0 675 70.0 725 73.0 775 000
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r

Figure 2.7: Confidence regions for reparametenized Arrhenius exprmuon

na

Confidence regions from Juusela, axidation of O.xylene, nonasntherna

daia set.
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2.5.4 Previous Experimental Designs

Designed experiments have long been in use, Chernoff (22] having first proposed
a D-optimal design in 1953, being later refined in 1959 to its present form by
Box and Lucas [23]. Hamilton et al. [10] took D-optimal designs one step further
by using a quadratic approximation of the solution locus. They noted that their
quadratic design was effective at reducing the extent of nonlinearity as measured
by the relative curvatures. D-optimal designs have also been shown to effectively
reduce the extent of nonlineerity. Juusola [14] and Tan [24] showed that the exact-
shape confidence regions were not only reduced in size by using & D-optimal design
but the shape of the regions also became more elliptical. Despite such indications
that D-optimal designs may be effective in reducing nonlinearity, no studies of it’s
application as a minimum nonlinearity design have been found.

Another common experimental design is used for model discrimination. The
design selects run locations such that differences between predicted values for the
candidate models are maximized. Probabilities of a specific model being the “true”
model are calculated based on how well a model predicts the response. As the
design proceeds one model’s probability will approach 1 while that of the others
approaches zero. More detailed discussions are given in Bacon [5], Hunter and
Reiner {25] and Box and Hill [26]. D-optimal and model discrimination designs are
often combined to form a joint design criterion. At the start of the design priority is
given to model discrimination. As one model’s probability dominates more weight is
given to the precise parameter estimation design. This design is described in detail
in Bacon [5] and Hill et al [27). The use of & model discrimination or joint design
criterion may lead to designed runs which may or may not reduce nonlinearity. In
the Tan [24] data set, runs for model discrimination differed from D-optimal runs,
which were shown to reduce nonlinearity. Hence the model discrimination runs may

be detrimental from a minimum nonlinearity view.

2.5.5 Summary

There are several options available to deal with nonlinearity. There are transfor-
mations of the response, quadratic approximations or reparameterizations. Trans-

formations of the response can.completely eliminate the problems associated with
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nonlinear models by obtaining a linear form of the onginal todel  Quadratic ap
proximations allow more reliable inferences to be made and repatatetenzations ean
greatly reduce the extent of nonlineanty.

Unfortunately cach method has its shortcomings. Transformations of the e
sponse have been shown to be misleading in terms of estimnates of the rezponse and
parameters as well as their precision. Quadratic approximntions are ouly uaeful
the rare cases when intrinsic nonlinearity is significant. Reparnmetenizatims result
in a loss of information regarding the precision of the anginal parametess st
may be difficult to recover.

Experimental designs currently nvailable concentzate vn discriminating an
potential models, obtaining precise parnmeter eatimates or a combination of Hek
As important and useful as these designs are, they do uot mbdress the probien
of nonlinearity directly, although D-optimal designs and the guadiatic design o
Harmilton et al {10] do improve the situation.

This work is aimed at developing an experimental design for teducing the exten:
of nonlinearity. The c¢riterion will also be tested for compatibility with precive

parameter estimation,



Chapter 3

Designed Experiments

3.1 Introduction

Problems encountered when working with nonlinear model/data sets have been dis-
cussed in the previous sections. These problems have been dealt with by transform-
ing the response, reparameterizing the model or using quadratic approximations.
The pros and cons of these solutions have also been discussed.

An alternative is the use of experimental designs specifically aimed at reducing
the extent of nonlinearity. This has been suggested in Bates and Watts [1] and
Bates et al. [9] but there appears to be an absence of any published work which

Designed experiments for reducing the extent of nonlinearity would be useful
when:
s intrinsic nonlinearity is significant.
» information about the original parameters is required.

® reparameterizations are not sufficient to reduce parameter effects nonlinearity

to an acceptable level.

There could be cases when either reparameterizations or designed experiments
alone will not be able to reduce the extent of nonlinearity to an acceptable level.
This situation could arise when both types of nonlinearity are significant or when

parameter effects nonlinearity is significant after all possible reparameterizations

' studies the use of designed experiments with this objective in mind.

31
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o3
2

have been tried. Simulations may reveal that an unacceptable number of expen
ments must be performed before the degree of nonlinearity s acceptable for a given
parameterization. In this situation designed experiments and reparametenzations
can be used in tandem.

It is known that nonlinear models approach linear behavior asymptotienlly as
the sample size increases but there is no way of deteruuning what sample aze s
required for near linear behavior (other than simulations). Bates and Wattn 1
have shown that their curvatures can be reduced, by a factor of \,17‘ by replicnting
the experimental design r times, all other things being equal. A sequential desien
strategy with a suitable design criterion would undoubtedly be more clhicient.

An experimental design requires & criterion which is to be optimized. A suitable
measure of nonlinearity would make an ideal design criterion. The ideal mensure
should have several desirable traits and these can be used to sereen putential van

didates. The measure should:
e accurately measure tiie degree of nonlinearity

¢ he easy to calculate
e lead to a criterion compatible with other modeclling objectives

e have a test statisiic by which adequate reductions in nonlineanty can e

jndged

The measures of nonlinearity previously discussed will now be evaluated with reapect
to these traits.

Beale's measures are computationally demanding and there ta no teat atatiztie
Moreover, Guttman and Meeter {17], have shown that the mensures ean beanacen
rate, especially in cases of high nonlineanty.

Ratkowsky's Monte Carlo simulations 3 are much too demar ding computation
ally. While the simulations do provide useful ifurmation and can be teated fu
significant non-normal behavior, there is, in a sense, too much information Theee
is no apparent way to assimilate the measures into a ungle value, e e the bine
more important than the excess varance ar the dtkewnew”

Box's bias {2, on the other hand, is strnightforwazd with respect to camputa

tional effort and would be suitable for use with mucro-computers. The menzure 3
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particularly easy to calculate when constant variance is assumed and there is only
one response. There are p measures of bias and these are easily amalgamated into
a single measure. Possibilities include: the worst absolute bias, the sum of absolute
biases or the sum of the squares of the biases. The final measure is attractive as it
takes into account the sign of the biases and gives more weight to the worst bias (es).
There are several factors against using the bias as a design criterion. There is no test
statistic; the suggested cut-off of 1% can be misleading. A reliable test statistic is
useful for determining when to stop performing experiments or simulations without
resorting to comparing confidence regions. The bias has also been found to be scale
dependent for parameters appearing linearly in the model (Ratkowsky {3] and this
work). The biases do not measure all types of parameter effects nonlinearity and do
not measure intrinsic nonlinearity at all. Despite these shortcomings the bias (i.e.
the sum of squares of the biases) was tested because of its ease of computation.

Lowry’s asymmetry measure of bias was not considered because it too involved
simulations in its calculation, making it computationally demanding. The measure
also lacks a test statistic. The need for these simulations was later eliminated when
Lowry and Morton (16} developed an analytical expression for the measure. Further
investigation of the measure was restricted due to time constraints.

This leaves only the Bates and Watts curvatures. While the calculations can be
demanding computationally, compared to Box’s bias, they are acceptable, especially
compared to Ratkowsky’s simulations. They provide scale independent measures of
both intrinsic and parameter effects nonlinearity and a test statistic is also available.

The compatibility of the curvatures in a design criterion with other modelling
objectives can not be evaluated at this stage. Simulations will be used in order to
compare minimum curvature designs to D-optimal designs. Ideally the two designs
would not lead to designed runs which are detrimental to either modelling objective,
i.e. D-optimal designed runs will not result in increased nonlinearity and curvature

designed runs will not result in poor parameter precision.

3.2 FEvaluation of the Relative Curvatures

The use of the Bates and Watts curvatures as a measure of the degree of nonlinearity

has been reported in the literature. The accuracy of the curvatures and the test
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statistic used in conjunction with them, has been evaluated by comparing them
to other measures of nonlinearity and by comparing exact-shape and approximate
shape confidence regions.

Ratkowsky [3,7] used the measure extensively and found it to ngree well with his
own simulations, Box’s bias and Lowry’s bias.

Cook and Witmer [28] looked at two cases where they felt the curvatures did not
agree well with comparisons of exact and approximate-shape confidence regions.
The first case involved a three parameter model for which the value of TV was
significant.

There is no argument that the linear approximate-shape confidence regions nre
adequate for two of the three parameter pairs. However, for the pair of parameters
B2 and 6,, the linear approximation cannat bhe considered acceptable. The Bates
and Watts curvatures are mezimum relative curvatures, they reflect the extent
of nonlinearity for the worst case. Cook and Witmer argue that I'7 should be
acceptable. However for the degree of nonlinearity to be nceeptable, cavernge by the

linear approximate-shape confidence regions should be acceptable for all parameter

_ pairs. In this work, models with three or more parameters and significant purameter

effects nonlinearity often resulted in acceptable linear approximunte-shape confidence
regions for some parameter pairs while the linear approximation was very pour for
others. As such, the relative curvature measures should be considered nccurate in
this case.

In the second case Cook and Witmer examined a model for which conflicting con.
clusions arose regarding the accuracy of the curvatures. For a given et of param.
eters the linear approximate-shape confidence regions provided very poor coverage
of the exact-shape region when I'T was acceptable. For another set of parameter
estimates the opposite situation was observed. However, it is not clear if Coulk
and Witmer were working from a single datn set or many dnta sete {from wlieh
they obtained the widely differing mode!l parnmeters). Morcover, in one ease one
of the parameters was fixed at zero, a situation which could suggest an inndequate
model. Cook and Witmer presented four further cases {with I'T" abiove and bhelow
1} with different model parameters where they felt that the lineas appraximation

was acceptable for values of I'T greater than the cutoff. Whether the curvatures are
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accurate or not becomes a judgment call on what can be considered acceptable cov-
erage of the exact-shape confidence region by the linear approximate-shape region.
It can also be interpreted as the test statistic being too strict. If any conclusion
were to be drawn from the four later cases, it would be that the curvatures are
extremely sensitive measures of nonlinearity. The curvatures correctly reflected the
worsening coverage of the linear approximate-shape confidence region in the four
cases.

Donaldson and Schaabel {19} compared confidence regions and intervals for the
exact and approximate cases for 20 model/data sets. All the models had insignifi-
cant T'¥ and they found I'7 to be an accurate indicator of when linearizations of the
model would produce reliable approximate-shape confidence regions or intervals.
They did note that in nine cases, when the I'T was between 1 and 10 times the
test statistic, the linear approximate confidence region covered 83% to 92% of the
exact-shape region. They interpreted this as an indication that the test statistic
may be too strict. The same conclusion could be drawn in the last case presented
by Cook and Witmer and, as will be seen later, this work also led to the same

conclusion.

3.3 Experimental Design Strategy

As noted by Bates and Watts [1], the solution locus must be planar before a uniform
coordinate system can be achieved. Thus, a suitable design strategy based on
minimizing curvature would be to first reduce the intrinsic curvature, I'#, to an
acceptable level and then, if necessary reduce the parameter effects curvature (INC
criterion). The inability of reparameterizations to reduce the intrinsic nonlinearity
also supports this strategy. When I'V is acceptable, as is usually the case, the design
strategy would be simply to minimize I'T (PEC criterion).

Incorporation of Box’s bias into a design criterion was also studied because of its
ease of calculation. Vhere are several ways in which the biases could be assimilated
into a design criterion, e.g., to minimize the worst absolute value of the bias, the

sum of absolute values of the biases or the sum of squares of the biases. These can
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be expressed, respectively, as

WAB =| Bias, |me: 1=1,2...p (3-1)
?
SAB = Y _ | Bias; | (3.2)
i=1
-]
SSB = ) _ Bias? . (3.3)
i=1

[ ]
Since the bias of a parameter may be ¢ither positive or negative it is desirable

to minimize the magnitude of the bias. The SAB design criterion would be useful
when all parameters are significantly biased. The SSB design criterion would be

similar to the SAB design but would give more weight to the worst bias.

3.3.1 Testing Procedure for Evaluating Design Criteria

The proposed design criteria were tested for their effectiveness in reducing the extent
of nonlinearity with simulated experiments. Experimental model/data sets were
taken from the literature and used as starting points. Experiments were designed
sequentially as described below.

Experiments were designed by optimizing the design criterion in a pre-selected
operating region. A grid covering the range of the original operating vanables
was generated, taking into account the limits of the original data and opernting
restrictions when such information was available. The design eriterion was evaluated
at the nodes of this grid and the optimal location found.

To begin the sequential design the model parameters and response vanance, 8 and
o? were estimated from the original data. The degree of nonlinearity was evaluated
and the appropriate design criterion chosen if designed runs were required. An
“experiment” was simulated at the optimal condition, as indieated by evaluntion of
the design criterion. The “result” of the experiment was determined by the sum of
the predicted value of the response and an additive random error term. The random
error term was generated using the IMSL subroutine GGNML, which generates a
random number distributed as N(0,1). This random number was multiplied by o
to obtain a N(0, a") distribution for the random errors. The simmiated expenment

was added to the original data set and the parameters, variance and extent of
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nonlinearity re-evaluated. The simulation was repeated until the nonlinearity was
reduced to an acceptable level or the reductions in nonlinearity were too small.
Such a design strategy should provide the greatest reduction in nonlinearity for the
fewest number of experiments.

Progress of the design was monitored by reductions in the curvatures and biases.
The reductions in nonlinearity and the accuracy of the curvatures was verified by
comparing approximate-shape and exaci-shape confidence regions. Although the
simulations were employed here to test the behavior of various design criteria, their
use suggested other potential benefits for an experimenter. Using simulations may
reveal that an impractical number of experiments would be required to achieve
linear behavior for a particular model form. As a result, the analyst would have
to try other parameterizations. Simulations could be very useful prior to or during
experimental studies in that they would allow the investigator to compare various
designs and obtain an idea of the progress that can be expected. They would also
allow study of the potential benefits of expanded regions of operation.

3.3.2 [Initial Model/Data Sets

The model/data sets used in developing and testing design criteria for reducing
the extent of nonlinearity were taken from the literature and are summarized in
Table 3.1. The data is included in Appendix D.

All the data sets involved observations collected at three temperatures. The ex-
tent of nonlinearity was evaluated for both the isothermal and non-isothermal mod-
els and the results are summarized in Table 3.2. Details are given in Appendix D.

In using these model/data sets some surprising features were encountered. I'T
was significant, in every isothermal case but one. On the other hand, 'Y was in-
significant in every case, including the non-isothermal forms. The parameter effects
curvature was found to be particularly large for the Ayen & Peters model/data set.
Convergence with the non-isothermal model for Ayen & Peters (reduction to NH,),
could not be achieved without obtaining a negative activation energy for the rate

constant. As well, the Arrhenius plot using estimates of the rate constants did not



M) AN A ER. AR ey AEEN R e G N e e AR KA cmEs e e B

CHAPTER 3. DESIGNED EXPERIMENTS 38

Table 3.1: Models and systems studied

The gas-solid catalytic ratc models studied. M0 represents the onginal

model form and M1 represents a reparameterized model form See eyt

Authors and system

ISOTHERMAL MODEL

!
i
]
|

f

| !

| (Mo ' (N1

i .
Ayen and Peters 18] ‘

. ; S "
. o, [y ey ) T e [ T . -

NO — L\Ha FNH, = (m, Pu, R Pro) ! Trem Nt (X I hpn, coilmal

| i e .

|
Jaswal [29]

i

oxidation of benzene | -

I

N TR Cul
r= ("—.‘6""":':;1.. (--j r l"”-‘"":“;.‘-."

Juusola {14]
oxidation of o-xylene |

i

; UYSYEI P2 e b
Tan {24] : oo dor * <

' ’ i [L.r:u,"\l.(f.l .’.l,".“‘l '

oxidation of proprlene i
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Table 3.2: Relative curvatures for the model/data sets studied.

39

Curvatures and the test statistic for iso-thermal and non-isothermal data.

Original model form MO and reparameterized model form M1. See text.

Authors and system Temp | IN PE PE Test

0 N T T 1

C r r r P -
(MO} | (M)

Ayen and Peters [18] 375 | 0.14 | 319 | 0.27 | 0.25
NO — NH; 400 0.06 | 108.6 | 0.11 0.25
425 0.05 | 13.0 | 0.08 0.22
Jaswal [29] 350 ; 0.08 | 0.73 | 0.16 | 0.25
oxidation of benzene 375 | 0.06 | 0.32 | 0.12 0.27
| 400 | 0.11 | 0.84 | 0.20 | 0.26
noniso | 0.11 | 697. | 0.60 0.31
Juusola [14] 270 | 0.004 | 0.25 | 0.10 0.24
oxidation of o-xylene 290 | 0.05 | 0.77 | 0.08 0.27
300 0.04.| 0.87 | 0.06 0.27
noniso | 0.21 | 1650. | 0.90 0.31
Tan [24] 350 0.02 | 0.31 | 0.04 0.27
oxidation of propylene | 375 | 0.03 | 0.38 | 0.05 0.27
390 0.02 | 0.20 { 0.03 0.27
noniso | 0.10 | 249. | 0.31 0.32
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follow the expected trend with incrensing temperature, cnating daabt on the
validity of the model. Despite this, the isothermal form was wed oo the snmlations
to allow comparnson to Ratkowsky's reparamcterization. Whether the lugh degiee
of nonlinearity was due to the inadequacy of the model 1s not clear. In this cane, the
experimental design used by Ayen & Peters covered a very limted region. Bath the
inadequacy of the model and the poor experimental design contnibuted to the hugh
dcgrcc of nonlincarity associated with these model/data scts, however, the relative
importance of these two factors was not clenar.

In the following sections, for case of discussion, the curvatures will be wven as
ratios, TR and T¥H of the curvature to the test statistic. As such, ' o M0
greater than one indicates that the degree of nonlinearity s unaceeptabie. T

YY)

eliminates the need to quote a test statistic with each curvature,



Chapter 4
Results and Discussion

The results of the minimum parameter effects curvature (PEC) and sum of squares
of biases (SSB) designs are discussed in Section 4.1. The two designs are compared
for each of the isothermal data sets for each model. The accuracy of the curvatures
as indicators of nonlinearity is evaluated in Section 4.2 by comparing the inferences
based on curvatures with observations made by comparing linear-approximate and
exact-shape confidence regions. The curvatures are evaluated for the original data
sets and after application of the PEC design. All the isothermal data sets were
used to compare the PEC, SSB and D-optimal designs and are used to evaluate the
compatibility of the different designs in Section 4.3.

4.1 PEC and SSB Designed Experiments

Numerous measures of nonlinearity were discussed in Section 3.1; of these measures
Box’s bias and the Bates and Watts relative curvatures were identified as potential
design criteria. The PEC design was studied because the relative curvatures had
been previously shown to be the most reliable measures of nonlinearity. The avail-
ability of a test statistic also makes this design criterion suitable for application
in & sequential design strategy. The biases were assimilated into a single measure,
the minimum sum of squares of biases (SSB). The SSB design was studied as an
alternative to the PEC design, the SSB criterion being much simpler to compute
and thus more suited for use with personal computers.

In the previous chapter, the relative curvatures were proposed for use in a design

41
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strategy in which reduction of the intrinsic nenlinearity would be given prionty
Once this was be achieved the strategy would be to minimize the parameter effects
curvature. Given that the intrinsic curvature was found to be aceeptable in all
the model/data sets studied in this work, the design strategy was to muninuze the
parameter effects curvature. The PEC and S5B design criterin are compared in this
section for their ability to reduce the extent of nonlinearity as measured by TTH
The first model/data set studied was that proposed hy Aven and Peters (18! fur
the reduction of nitric oxide to amrnunia. Experimental desigia based on nums
mizing the parameter effects curvature (PEC) and the sum of squares of the biasea
(SSB), as outlined in Section 3.3.1, were tested at all three temperature levels of the
original data. After the first PEC simulation, at 425 °C, it was noted that i somne
cases the parameter cffects curvature, I'77 increased. even thoneh a reduction of
TTR from the previvus value was predicted in every case. Recealling the anuulation
procedure described in Section 3.3.1, the optimum opernting conditions are deter
mined based on the most recent estimates of @ and ¢, The minum parametes
effects curvature predicted for the n'th experiment is based oninformation avalable
from the previous n — 1 experitmnents. When estitnates of the parnmecters and van
ance were redetermined for the n'th experiment and the curvatures re.cvaluated,
the curvature usually differed from the “predicted™ curvatiare as a result of changes
in the paramecter and variance estimates. The new value of 7" wan found to be par
ticularly sensitive to the magnitude of the random error encountered in perfurming
the most recent designed run. When the random error was greater than about 15
standard deviations the variance usually increased (telative to the previous value)
If the increase in the variance estimate was large enough, the reduction of I'7* e
dicted by performing the experiment could be overndden. As shownn Appenihix

A, the curvatures are scaled using the vanance and number of paraneters suck thas

| e ap = "';ﬂ'\,'p. |

-
-

The curvatures are proportional to the square ;oot of the vanance, all cler beug
equal. A total of four simulations were perfurmed umng the PEC cntenion with
different sets of random erron.

A “control” simulation was also performed 1a which the pasamrter and vanance

estimates were held canstant at their ongpnal values,
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While the use of a control simulation may not represent a realistic situation, it
does allow comparison of the different design criteria without having to deal with
the confounding effect of the changing values of the parameters and variances. In
other words, the effects of random errors and run locations can be separated. An
alternate approach would involve comparison of the mean performances of large
numbers of simulations having different sets of residuals. Unfortunately this would
require something of the order of 500 simulations, each consisting of 30 designed
runs. Only one such comparison represents nearly two orders of magnitude more
computing time than for all the simulations done in this work. It was felt that the
conirol simulations would provide the same conclusions with a far lesser amount
of computation. A control design will henceforth be designated by the suffix C,
i.e. PEC-C, and a non-control simulation by the suffix S, i.e. PEC-S. A second
suffix, SIMi, designates simulations for the same model/data set with different sets
of random errors. The progress of the simulations is shown in Figure 4.1. Note that
I'TR is plotted on a logarithmic scale in Figure 4.1, making reductions of I'7® for the
20th to 30th runs appear larger than they are. Because of the large values of I'TR
for the original data, I'7® is not shown on the figures to avoid vertical compression
of the curves.

SIM1 through SIM4 all exhibit situations where TR increased. As expected the
control simulation resulted in a much “smoother” curve. As can be seen, the set of
random errors can greatly affect the efficiency of the experimental design. After 30
designed runs, IT® was 2.1 times as great with SIM3 as with SIM4.

The PEC design criterion was very effective in reducing I'TR particularly with the
initial designed experiments. I'TR was reduced, on average, to 20% of it's original
value with the first experiment. In SIM4, TR was reduced by more than 95% after
10 designed experiments. In all cases reductions of IT® slowed considerably after 10
designed runs. This clearly demonstrates the asymptotic nature of the relationship
between the sample size and the degree of nonlinearity.

Two of the simulations were successful in reducing the parameter effects curvature
to an acceptable level, TR < 1. SIM1 and SIM4 required 29 and 27 designed
runs respectively. In most real situations performing 30 designed runs, as well as
some initial experiments, would not be feasible. However the sequential use of the

criterion in these situations can indicate when little progress is being made and
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thus when design of further runs can be terminated. With the PEC criterion the
worst bias was reduced to < 1% with only one designed run in all four simulations.
At this stage IT® was, on average, 10.9. Hence, there is a large discrepancy as
to the extent of nonlinearity as measured by the relative curvatures and the bias.
This is not unexpected considering the lack of a rigorous test statistic for the bias
estimates.

Figure 4.1 also shows the progress of a control and non-control SSE design. Unex-
pectedly, the SSB-S design was more efficient than one of the PEC designs (SIM:;).
This was the result of changing parameter and variance estimates and demonstrates
the large effect residuals may have on the efficiency of the designs, After comparing
the two control designs, PEC-C and SSB-C, the PEC design was found to be the
more effective, as expected, but only marginally so.

Designed runs were also simulated at 400°C and 375°C using the PEC criterion.
The progress in reducing I'"2 is shown in Figure 4.2. As with the simulations at
425°C, TR was greatly reduced with the initial experiments. I'TR was not reduced
to an acceptable level at either of the lower temperatures with any of the design
criteria. Again, the simulations were stopped when reductions in I'TR were very
small. The initial parameter effects curvature, ITR was extremely high for the two
lower temperatures (427 and 128 respectively) compared to the 425°C data set (61).
At 375°C the SSB-S design was more efficient than the PEC-S design, however, after
comparing the control simulations, the PEC design was marginally more effective.
According to the bias measure and the 1% cutoff, the PEC design should have been
stopped after 10 designed runs at both temperatures. However, ITR was 24.1 and
6.1 at 400°C and 375°C respectively, indicating that the model/data sets were still
significantly nonlinear.

Simulations with the Ayen and Peters model/data set were characterized by large
reductions of I'T® (~ 80%) after the first designed run, with any of the designs. The
Ayen and Peters model/data set was also characterized by very large parameter
effects curvatures and unstable parameter estimates during simulations. The two
latter traits may be attributed to the initial data sets. The experimental design
originally used by Ayen and Peters was of the “changing one variable at a time”
type. This resulted in poor coverage of the operating region and consequently in

poorly determined parameter estimates. The data sets were also small, consisting
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of 8, 12 and 12 observations at 425°C, 400°C and 375°C respectively.

Similar simulations were performed with the other model/data sets of Jaswal,
Juusola and Tan at all temperature levels.: With these model/data sets only one
PEC-S simulation was performed at each temperature level. SSB-S designs were
not performed, only SSB-C to allow comparison to the PEC-C design.

Progress of simulations performed with the Junsola model/data sets are shown
in Figure 4.3. All three designs , PEC-C, PEC-S and SSB-C reduced I'TE to an
acceptable level with the data obtained at 270°C with only one designed run. Using
the bies as an indicator of the extent of nonlinearity would require that no runs
be designed. The worst bias was <1% for all the original data sets, which all had
significant parameter effects nonlinearity according to I'TR and as will be shown in
Section 4.2.

The three designs were very similar in their effectiveness at reducing I'7R, The
differences in the four PEC-S designs with the Ayen and Peters data set at 425°C
were attributed to changing parameter and variance estimates. With the Juusola
model/data sets these estimates were much more stable. This resulted in the PEC-C
and PEC-S designs having more similar performance. The SSB-C design performed
nearly as well as the PEC-C design at all three temperatures. This was the result
of the two criteria leading to similar designed run locations, and will be discussed
in detail in Section 4.4.

At 290°C and 300°C none of the designs reduced I'T® to an acceptable level with
10 designed runs, although it was reduced to approximately half its initial value in
both cases. At 290°C all three designs were similarly effective with similar designed
run locations.

The inability of the PEC design to reduce I'T® to an acceptable level was sur-
prising, considering the low initial parameter effects curvature. This may be the
result of several factors; the sample size was relatively large at 290°C and 300°C,
the original data set contained designed experiments and/or the operating region
was constrained. Sample sizes for Juusola’s work were 11, 23 and 22 observations
at 270°C, 290°C and 300°C respectively. The extent of nonlinearity is known to de-
crease asymptotically as the sample size increases, as the sample size increases the
potential for reductions of nonlinearity also decrease. Juusola also made use of the

D-optimel design criterion to improve parameter precision. As will be demonstrated
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in Section 4.3, the D-optimal design is also extremely effective in reducing the extent
of nonlinearity. With the larger sample sizes and D-optimal designed experiments
one would expect there to be less potential for large reductions of I'T® with the
initial experiments. The operating region used by Juusola was also constrained.
Section 4.4 shows that this restriction greatly hindered the potential effectiveness
of the PEC design. Nonetheless, the PEC and SSB designs significantly reduced
the extent of nonlinearity as measured by I'T® with two of the three data sets.

Simulations with the Jaswal model/data sets reduced I'TR to an acceptable level at
all three temperatures,as shown in Figure 4.4. Again the three designs were similar
in their ability to reduce I“®, At all three temperatures, parameter estimates were
stable for the PEC-S design. The PEC-S and SSB-C designs both required 3, 2
and 5 runs to make I'TR < 1 at 350°C, 375°C and 400°C respectively. As with the
previous model/data sets the bias underestimated the extent of nonlinearity, or the
suggested cutoff is to lax. The worst bias was <1% after 2,0 and 2 designed runs
respectively, at which point T'7® was 1.47, 1.18 and 1.48.

The effectiveness of the three designs with the Tan model/data set is shown in
Figure 4.5. The initial parameter effects curvature for the 390°C data set was ac-
ceptable. The data set was still used to test the two design criteria and to allow
later comparison with the D-optimal design. At all three temperature levels, pa-
rameter estimates were stable, resulting in nearly identical progress for the conirol
and stochastic simulations. In the two cases where I'TR was significant, both the
PEC and SSB designs successfully reduced TR to an acceptable level. The worst
bias at each temperature was <1% for the initial data, suggesting, again, that the
bias underestimates the extent of nonlinearity.

In many of the cases studied, the SSB and PEC designs were very similar in their
ability to reduce I'TR, As will be seen in Section 4.4 this resultsd from designed
run locations being common to the two design criteria. The similarity of the run
locations suggests that the SSB and PEC designs are minimizing the same criteria.
Bates and Watts [1] showed that Box’s bias [2] was a scaled version of the diag-
onal elements of each “face” of the parameter effects portion of the acceleration
array, AT, used to calculate the parameter effects curvature. Examination of the
parameter effects portion of the acceleration arrays of the data sets studied (see

Appendix D) reveals a common characteristic. In each case the largest element in
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AT was a diagonal element of one of the faces. These elements of the acceleration
array are used to calculate Box's bias. The off-diagonal elements are generally much
smaller. Hence the similarity observed between the PEC and SSB designs would
be expected in such cases. Given a model/data set for which the non-diagonal
elements of AT are of the same magnitude or larger than the diagonal clements, the
SSB and PEC designs would not be expected to be similar. Examining AT would be
beneficial in the experimental design stage. If a situation similar to that observed
in this work arises then the simpler SSB criterion could be used to determine the
optimal run locations. When the off-disgonal elements become important, the PEC

criterion should be used.

4.1.1 Summary

The results of the PEC and SSB simulations are summarized in Table 4.1. In
seven of eleven PEC simulations where designed experiments were required, the
parameter effects curvature was reduced to an acceptable level. When 'R was
not reduced to an acceptable level, 1t was greatly reduced from its initial value,
The SSB simulations also greatly reduced I'T® in some cases bettering the PEC
design. However the SSB simulations were all control simuletions while stochastic
PEC simulations were used.

In cases where I'T® was significant Box’s bins consistently predicted an acceptable
degree of nonlinearity with fewer runs than required when using I'T# as a measure
of nonlinearity. This may be due to a shortcoming of the bias measure itself, as
it only measures one type of parameter effects nonlinearity, and/or an inadequate
test for significance. The 1% cutoff has been suggested by Ratkowsky {3] as a rule
of thumb rather than an absolute cutoff.

The SSB and PEC design criteria were both effective for reducing I'78. In all
cases the PEC design criterion was more cffective, however the differences between
the two designs were often very small. The similarities may have been due to the
parameter effects portion of the acceleration array being dominated by the diagunal
elements, used in calculating Box’s bias. In light of this and the much greater
computational effort required for the PEC design, the SSB design appears to be a

suitable design criterion for reduction of the extent of nonlineanty when the intrinsic
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nonlinearity is acceptable. The relative curvatures would only need to be evaluated
after the optimum run location is determined and after the experiment is performed
or simnulated. This would allow an accurate evaluation of the predicted and obtained
reduction of nonlinearity during the experimental design. However, in a case where
the intrinsic nonlinearity is not acceptable the SSB design criterion would not be
suitable, nor would it be expected to be suitable when the off-diagonal elements of
AT are of the same order of magnitude or larger than the diagonal elements.
Neither the PEC nor the SSB criteria can be said to have failed, failure being
defined as not having reduced I'T® to an acceptable level. Rather the designs were
terminated because reductions of I'7® were deemed too small to warrant continuing.
It is known that replicating the experimental design r times will always reduce
the curvature by J-. Reducing I'T® to acceptable levels in this manner would
result in extremely large data sets. The Ayen and Peters model/data set at 425°C
would require replicating the design more than 1800 times to reduce I'T® to 1.
The PEC design required only 27 designed runs, equivalent to only 3.5 replications
of the design (in terms of the number of experiments performed). The Jaswal
model/data set would require 7.5 replications of the original design while the PEC
and SSB designs required less than 0.5 replications. The PEC and SSB designs
are undoubtedly more efficient but may still require an unduly large number of
experiments. Attention saould be focused on why such large numbers of experiments
would be required. Expanded regions of operation may allow larger reduction< of
nonlincarity, although this may not be permitted from an experimental point of
view, as will be seen in Section 4.4. The initial data set is also important. If any
of the original data were obtained under conditions which weuld actually increase
the nonlinearity then a larger number of experiments would be required to achieve

a given reduction of nonlinearity,
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4.2 Evaluation of the Curvatures as Measures of

Nonlinearity

The Bates and Watts [1] relative curvature measures of nonlinearity have been
discussed in the literature and reviewed here in Section 3.1. Previous evaluations of
the accuracy of the relative curvatures as measures of the extent of nonlinearity have
involved comparisons to other measures of nonlinearity [3,7). comparisons of exact-
shape and linear approximate-shape confidence intervals [19] and regions [19,28].
In this work the latter method will be used as it is perhaps the most stringent.
Comparisons based on any other measures of nonlinearity do not ensure reiiable
evaluation of the curvatures, as the other measures may not be reliable themselves.

Cousequently, confidence regions were compared for all the original isothermal
data sets. This provided an initial evaluation of the accuracy of the relative curva-
tures. Confidence regions were also compared at the end of each sequential design,
i.e. when the curvatures were reduced to an acceptable level or when reductions of
T'TR were too small to warrant continuing the design. Confidence regions, before and
after simulating experiments with the PEC-S design, are shown on the same figure
to facilitate evaluating any improvements obtained with the experimental design,
with respect to both reducing the extent of nonlinearity and improving parameter
precision. For the sake of brevity, when a bias estimate is quoted it will be for
the worst case. As previously discussed, for the linear approximation to be valid,
all the model parameters should exhibit linear behavior. When the model involves
three or more parameters, comparison of the confidence regions is difficult because
one is comparing p dimensional volumes. In this work, pairwise confidence regions
were used to compare the confidence regions. These regions were conditional on the
other parameter estimates being fixed at their least squares estimates.

The model proposed by Ayen and Peters for the catalytic reduction of NO to
NHj; is a three parameter model. As such, 3 confidence regions were examined when
comparing conditional confidence regions. These “slices” of the confidence volume
only represent the coverage at the least squares estimates and do not guarantee
overall equality of coverage throughout the confidence volume. These problems

have been discussed by Emig and Hosten (15]. However, the comparisons used in
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this work could be expected to reveal any gross discrepancies. For convenience and
space requirements only the worst case is shown here, 1.e. the conditional pairwise
confidence regions for which the linear approximation provided the worst coverage.
The linear approximation provided the poorest coverage for the pair of parame-
ters k and KHg’ the rate constant and the equilibrium adsorption constant of H,.
Figures 1.6 and 4.7 show the approximate-shape and exact-shape 95% confidence re-
gions for this pair for the original data, after 10 and 27 PEC designed runs (SIM4) at
which point I'7® < 1.0, The two regions clearly do not match for the original data.
The exact-shape region is crescent shaped rather than being elliptical. The upper
and lovrer limits for k are clearly asymmetrical about k. After 10 designed runs the
most apparent change is the much smaller size of the confidence region, indicating o
large improvement in parameter precision. Figure 4.7 shows the confidence regions
after 10 and 27 PEC designed runs on an expanded scale. The exact-shape region
atter 10 PEC designed runs is now nearly elliptical and the linear approximation
provides verv good coverage. At this point TR = 2.4, suggesting that the linear
approximation should not be acceptable. However, while the regions do not match
exactly, they would certainly be deemed acceptable. At this stage of the design the
confidence ‘egions for the other conditional pairwise confidence regions were virtu-
ally identical in shape and their sizes were greatly decreased. After 27 designed runs
the match between the confidence regions for all pairs of parameters improved very
little, but further significant reductions in the size of the regions were achieved,
At 400°C the worst approximation was, again, for the parameter pair k and K Hy
As seen in Figure 4.8 the crescent shape with an elongated tip reflects the very
high parameter effects curvature, [T? = 427. The regions for the other stages of
the design are not shown on the same figure as they are much smaller would be
indistinguishable. Figure 4.9 shows the confidence regions after 26 PEC designed
runs. At this point PT® = 16.6 and the design was stopped becanse reductions
of ITR were too small. The reduction of ['T¥ from 427 to 16.6 is clearly reflected
by the change of the exact region’s shape (i.e. becoming elliptical). The curvature
correctly indicates that the linear approximation is not acceptable, even though the
conditional confidence regions for the other parameter pairs match very well. The
worst bias was acceptable after only 15 PEC designed runs at which peint TT# >

24, clearly underestimating the degree of nonlinearity.



L

CHAPTER 4. RESULTS AND DISCUSSION 57
30.0
AN « LINEAR APPROX ORG.
* EXACT SHAPE ORG. __
25.01 * LINEAR APPROX 10,
.'.*.E?Sﬁ.‘?.?..‘i‘:!&ﬁﬁ.?.‘? ..........
2 20.0-
15.0 -
--\::::L
10-0 1 [] ] H 1 ) I i ]
20.0 225 26.0 275 30.0 325 36.0 37.56 40.0 425 45.0

& (x10%)
Figure 4.6: Conditional 95% confidence regions for Ayen and Peters, NO reduction
to NHj, 425°C.

Original Data After 19 PEC Desigred Runs

[NR 0.23 0.051
TR 60.7 2.38
24.0
. » LINEAR APPROX ORG.10
2 EXACT SHAPE ORG.10__
* LINEAR APPROX 27
22.07 *EXACT SHAPE 2T
(=)
=
S
20.0-
(]
18.0 T 1 T T T
926.0 27.0 - 28.0 28.0 30.0 31.0 32.0

k (x10%)
Figure 4.7: Conditional 95% confidence regions for Ayen and Peters, NO reduction
to NHj, 425°C.

After 10 PEC Designed Runs  After 27 PEC Designed Runs
VR 0.051 0.029
FTR 238 0.96



-m_ﬂﬂm-ﬂ-—--.-h_ﬂmm

CHAPTER 4. RESULTS AND DISCUSSION

126
10.0
__LINEAR APPROX ORG.
7.6 . EXACT SHAPE ORG. ___
e
V.
5.0
2 6 4-!-4-4-,““
________ —
0.0 i ] 1 1 i ) l
0.0 26 60 75 100 126 1.0 176

S8

Figure 4.8: Conditional 95% confidence regions for Aven and Peters, NO reduction

to NH,, 400°C.

Original Data

VR 0.23

TR 126.8
8.0
.04 LINEAR APPROX 2.

- EXACT SHAPE 26. __
$ 6.0
v
5.0
. "":.‘.‘_;-:‘.
4.0 1 1 1 1
30.0 36.0 40.0 46.0 60.0
L (x10%)

65.0

Figure 4.9: Conditional 95% confidence regions for Ayen and Peters, NO reduction

to NH3 ’ 4000C.

rNR
rT.R

After 25 PEC Designed Runs
0.060
16.6



CHAPTER 4. RESULTS AND DISCUSSION 59

Results obtained with the 375°C data set were similar to those at 400°C. The
parameter effects curvature correctly predicted a very poor linear approximation
for the original data. The measure of nonlinearity also correctly predicted a much
improved but still unacceptable linear approximation after 25 PEC designed runs.

All the remaining model/data sets, Jaswal, Juusola and Tan, are two param-
eter models. As such, a single confidence region completely describes parameter
precision. Figure 4.10 shows the confidence region for the Jaswal model with the
data set obtained at 400°C. The parameter effects curvature, TR = 3.24, clearly
reflects the significant degree of nonlinearity indicated by the poor coverage of the
linear approximate-shape confidence region. After 7 PEC designed runs I'T® < 1.0,
the linear approximation provides very good coverage and both regions are much
smaller. At 375°C, Figure 4.11, I'T® = 1.18 for the original data. The exact shape
region is slightly bowed, but still well covered by the lirear approximation, agree-
ing with the low parameter effects curvature. Only two PEC designed runs were
required to reduce I'T® below 1. Parameter precision improved slightly, as did the
linear approximation. However, these improvements were minor.

At this stage a question must be asked regarding the meaning of “an acceptable
degree of nonlinearity”. If the degree of nonlinearity is acceptable, then what cov-
erage of the exact region is the linear confidence region expected to give? Perfect
coverage would be expected if the degree of nonlinearity is zero, or with both curva-
tures, ' = 0 and I'V = 0. As such, any degree of nonlinearity would be expected
to result in coverage < 100%. This being the case, with both curvetures having
a nonzero value, as in the last example, some discrepancy should be expected. In
the example for Ayen and Peters at 425°C, a virtually perfect match between the
linear and exact-shape regions was obtained. This certainly influenced the results
expected with the Jaswal example (making the curvatures appear to underestimate
the degree of nonlinearity) when the curvatures were reduced to an acceptable level.
In light of this, perfect coverage by the linear approximation should not have been
expected with the Jaswal data set at 375°C, nor should any great improvement be
expected after reducing I'7® by only 0.18. Rather, the test statistic may be inter-
preted as being overly strict, requiring that both I'T® and 'R < 1 when in fact
higher values may be acceptable. This agrees with conclusions drawn by Donaldson
and Schnabel [19].



CHAPTER 4. RESULTS AND DISCUSSION

60

~~ » LINEAR APPROX ORG.
~ » EXACT SHAPE ORG,

. * LINEAR APPROX 7.
* EXACT SHAFPE 7.

---------------------------------------

. - - -

8.0
7.0+
I:.‘?-.
X
~. 6.0
-~
5.0 4
4.0
5.0

10.0 16.0 200 25.0 30.0 36.0 40.0 45.0 50.0 65.0

L (x10%)
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Results obtained at 350°C were similar to those obtained with the 400°C data
set. The parameter effects curvature for the original data, I'T® = 2.88, predicted
significant nonlinearity. This was supported by the poor coverage of the linear
approximation. After 6 PEC designed runs, I'TR < 1 and the linear approximation
closely matched the exact-shape; parameter precision also improved.

With the Juusola model/data set the PEC design criterion did not reduce the
parameter effects curvature to an acceptable level after 10 designed runs at 300°C
and 290°C. At this point simulations were stopped as reductions of I'T® were
minimal. At 300°C, ITR = 3.23 for the original data set and correctly predicted
the poor coverage of the linear approximation shown in Figure 4.12, After 10 PEC
designed runs I'T® = 1.56, the kinear approximation provided improved coverage
and parameter precision improved. Similar results were obtained at 290°C, when
ITR was reduced from 2.8 to 1.31. At 270°C only one PEC designed run was
required. Figure 4.13 shows the confidence regions for the initial data and after 10
PEC designed runs (the extra runs were designed to allow comparison to D-optimal
designs). Once again the PEC design improved parameter precision and the linear
approximation.

The original model/data set obtained at 390°C by Tan had acceptable intrinsic
and parameter effects curvatures. The linear approximation is very good, as seen
in Figure 4.14 and predicted by ITR = 0.74. At 375°C, I'7R was reduced from
1.41 to 0.96 after 4 PEC designed runs. The confidence regions match well for
the original data set, Figure 4.15. Any nonlinearity effects appear to be minimal,
as would be expected from the low parameter effects curvature. After 4 designed
runs the regions have shrunk and improvement of the linear approximate confidence
region’s coverage was minimal. At 350°C only one PEC designed run was required.
The linear approximation was very good (not shown), as was suggested by the low
parameter effects curvature. As expected, improvementsin parameter precision and

coverage were minimal.

In evaluating the accuracy of the relative curvatures as measures of nonlinear-
ity some discrepancies appeared as I'TR approached 1. The linear approximation
provided extremely good coverage of the exact-shape confidence regions with the
Ayen and Peters data set at 425°C when I'TR was still 2.54. But, the same degree of
coverage was not obtained with the Jaswal data set at 375°C when I'TR was reduced
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to an acceptable level. However, according to the previous discussicn, near perfect
coverage should not be expected when I'VR or T'TR are acceptable, but only when
both curvatures approach zero. Differences in coverage observed for data sets with
acceptable parameter effects curvature may also be accounted for by different levels
of intrinsic nonlinearity, as measured by I'¥®, The Ayen and Peters example had
the best coverage with I7R = 1, but it also had the lowest I'M® (0.03). With the
Jaswal data sets at 400°C and 375°C with TR < 1, T¥R was higher, 0.14 and 0.19
respectively. Hence the poorer coverage observed with the Jaswal data sets.

Small differences of I'¥® may or mey not have accounted for the differences in
coverage. Such small reductions of I'TR praduced little or no improvement in cov-
erage for the linear approximation. However it is not known if equal differences in
intrinsic and parameter-effects curvatures indicate equal differences in nonlinearity
as indicated by the coverage. Given that both curvature ratios are equal, would

decreasing I''R by 0.5 improve the coverage of the linear approximation by more or
less than an equal reduction of I'VR ?

4.2.1 Summary

The relative curvatures of Bates and Watts have been shown to accurately reflect
the extent of nonlinearity, based on comparisons of linear approximate and exact
shape confidence regions. The parameter effects curvature correctly indicated when
the degree of nonlinearity was acceptable for the original data for all the model/data
sets studied. After application of the PEC design, I'TR also reflected the reduction of
the extent of nonlinearity, this being confirmed by the improved coverage provided
by the linear approximate confidence regions,

Differences in the coverage provided by the linear approximation as I'TR ap-
proached 1 may be accounted for by the intrinsic nonlinearity of the model/data
set. When the linear approximate confidence region provided near perfect coverage
of thé exact shape confidence region, I'VR was extremely low. Coverage by the
linear approximation worsened as I'¥® increased and [TR = 1.

In several cases the linear approximation appeared to be acceptable while I'TR
was still significant. This was interpreted as the test statistic possibly being overly

strict, requiring lower levels of curvatures than might be considered acceptable.
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This agrees with the work of Donaldson and Schnabel [19] who found that the
Linear approximation provided hetween 83% and 92% for values of I'T8 between 10
and 1 (T¥® < 1 in all cases),

Box’s measures of bias did not accurately reflect tha extent of nonlinearity. The
biases of all model parameters were consistently < 1% (the suggested cutoff) while
[T was still significant and the coverage of the linear appraximation was poor.

Whether this is due to the inaccuracy of the measure, the cutoff or both is not

clear.

4.3 D-Optimal Designed Runs

D-optimal designs have been used extensively to improve parameter precision. Two
of the four authors whose work was used in this study used D-optimal designs. One
of the two, Tan, used a joint design criterion to first discriminate between two can-
didate models and then improve parameter precision for the most probable model.
One of the desired features of a design criterion for reducing the extent of nonlinear-
ity was compatibility with other modelling objectives. One such “other” objective
of major concern is precise parameter estimation. The improvements in parameter
precision noted throughout the PEC simulations, in Section 4.2, suggested that the
two designs might be compatible.

Comparisons of the two designs were made with respect to each criterion’s ability
to reduce the parameter-effects curvature and improve parameter precision. The
curvatures presented are the ratio of the curvature to the test statistic, IT®, This
ratio was scaled to eliminate the effect of the different variances obtained with
different simulations using the variance estimate for the original data set as .

TTR = I‘TR;;—‘: (4.2)
where & and §; are the standard deviation of the response for the original data and
after the i*# simulated experiment respectively. This measure was called the scaled
parameter effects curvature, TR, The control simulations for all the design criteria
are also presented. Parameter precision is presented as a fraction of the volume of
the confidence region for the nt* experiment relative to that of the original data.
The determinant of (XTX)~14? itself was not used, again to avoid the effect of
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different variances. In the case of volume measurements, &* has a much greater
effect than with the curvatures. The volume is proportional to (6%)?, while the
curvatures are only proportional to o.

The D-optimal, PEC and SSB criteria were first compared for the Ayen and
Peters model/data set. Figure 4.16 shows the variance independent volume of the
confidence region (as a fraction of the original volume) as a function of the number
of designed runs for the D-optimal-S and PEC-5 (SIM4) designs as well as the
control PEC, SSB and D-optimal designs. As expected, the D-optimal design was
the most efficient. The two PEC designs were similar but not as efficient as the
SSB-C design. The D-optimal designs resulted in steady improvements of parameter
precision as evidenced by the “smooth” line representing the design’s performance.
The SSB and PEC designs, however, resuited in two stages of improving parameter
precision. In one stage the volume decreased at a given rate for 4 to 5 runs and
in the next stage improved at a much higher rate for one run. As shall be seen
in Section 4.4, the different rates of improving parameter precision depend on the
designed run location. While the parameter precision continued to improve, it was
not improving as quickly as with the D-optimal design. This suggests that the two
design objectives, minimum nonlinearity and parameter precision, may not always
be compatible.

The efficiency of all the designs diminished as the number of designed runs in-
creased {note that because of the large improvements of parameter precision, the
volume is plotted on a logarithmic scale and reductions of the volume are expressed
as orders of magnitude). With the first D-OPT-C designed run, the volume was
reduced by 1.12 orders of magnitude, then by 2.8 and 3.8 orders of magnitude after
10 and 30 designed runs respectively. The SSB-C design was almost as effective
as the D-optimal design, reducing the volume by 3.6 orders of magnitude after 30
designed runs while a reduction of 3.3 was obtained with the PEC-C design.

The efficiency of the designs with respect to reducing the extent of nonlinearity
is compared in Figure 4.17. As expected, the D-optimal design was not as efficient
as the PEC or the SSB designs. The reductions of T'ZR were generally smooth
for the PEC and SSB designs but reductions obtained with the D-optimal design
exhibited a stepped behavior. The pattern exhibited by the D-optimal designs was

a reduction of T'ZR followed by one or two designed runs in which T'ZR increased a
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The reduction of the scaled parameter effects curvature obtained with
various experimental designs is shown as a function of the number of de-
signed runs. In order to avoid the effect of changing parameter estimates

the control simulations have constant parameter and variance estimates
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relatively small amount. As with comparisons regarding improving parameter pre-
cision with the PEC and SSB designs, this behavior was the result of the location
of designed runs and will be discussed in Section 4.4.

At 400°C and 375°C the D-optimal design was, again, the most efficient at im-
proving parameter precision, followed by the SSB and PEC designs. The D-optimal
design progressed regularly while both minimum nonlinearity designs resulted in
irregular improvements of parameter precision. In both cases the irregularity was
linked to designed run locations. Observations similar to those at 4259C were made
with respect to minimizing the degree of nonlinearity.

Results obtained with the Juusola model/data set at 300°C are shown in Fig-
ures 4.18 and 4.19 for parameter precision and parameter effects curvature respec-
tively. The expected results were obtained; the PEC designs were more effective at
reducing I'T® and the D-optimal design was more effective at improving parameter
precision. The D-OPT-C design’s performance was matched by that of the SSB-C
design at improving parameter precision. The PEC-C design did not match the
D-optimal design’s performance with respect to parameter precision but was very
effective nonetheless. With respect to reducing the extent of nonlinearity, all three
designs were effective, but the SSB-C design exhibited a stepped behavior, similar
to the D-optimal design.

Results obtained with the 290°C and 270°C data sets were similar to those at
300°C. The SSB-C design was similar to the PEC-C design with respect to reducing
I'TR, the two designs were indistinguishable for the first four designed runs. The
D-optimal designs at 290°C were the same as the PEC and SSB designs for the \

first 3 runs . Subsequent runs alternated between reductions and increases of 1"”' " '
although the overall result was a reduction of PTR, This was also observed at 270"0. o
The control and stochastic PEC and D-optimal designs were also nearly xdentlcal' |

This was expected as the parameter estimates were stable for these. s1mulatmns
unlike simulations with the Ayen and Peters model/data. set. '

The improvements in parameter precision and reductions of ria obta.med mth
the Jaswal model/data set at 350°C are shown in Fzgures 4.20 and 4.21 respectwdy )

The performance of the PEC designs and SSB-C des:gn were virtually the same with :

respect to improving parameter precision and reducing"the'é;ctent of nonlinearity at

all three temperatures. At all three temperaturés the D-optima.l.(iesigns exhibited

|
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Figure 4.20: Improvements in parameter precision with the Jaswal model/data set,
oxidation of benzene, 350°C.

The improvement of parameter precision obtained with various experi-
mental designs is shown as a function of the number of designed runs.
Parameter precision is presented as the variance independent volume of

the confidence region for the n'* designed run as a fraction of the initjal

volume.
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Figure 4.21: Reductions of I'TR with the Jaswal model/data set, oxidation of ben-
zene, 350°C.

The reduction of the scaled parameter effects curvature obtained with
various experimental designs is shown as a function of the number of de-
signed runs. In order to avoid the effect of changing parameter estimates

the control simulations have constant parameter and variance estimates
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behavior similar to that observed with the Juusola data sets. As with the Ayen and
Peters model/data set this behavior is related to the designed run locations. The
similarity between the control and stochastic simulations was the result of stable
parameter estimates.

Results obtained with the Tan model/data set differed from those with the Ju-
usola and Jaswal model/data sets. The D-optimal design, Figure 4.22, resulted in
varying degrees of I'T® reduction, although I'Z® never increased, whereas I'TR diq
increase with the Juusola and Jaswal data sets. The precise parameter and min-
imum nonlinearity designs appear to be compatible for this model/data set. An
unexpected result was that the PEC designs at 375°C and 390°C, were more effec-
tive than the SSB-C design at improving parameter precision, Table 4.2. In every
other case the SSB-C design was more efficient than the PEC-C design, though in
some cases they were nearly identical.

The different efficiencies of the three design criteria become more evident when
comparing the number of experiments required to achieve a given level of parameter
precision or degree of nonlinearity. According to Figure 4.16, the PEC-C design
required 30 designed runs to obtain the same level of parameter precision that the
D-optimal design attained in only 17 experiments. Likewise, when comparing the
degree of nonlinearity after 30 runs, the D-OPT-C reduced I'L® to the same level as
the PEC-C design with only 14 designed runs. The same discussion applies to the
other model/data sets, although differences between the designs were not always
so pronounced. The differences between the designs (in terms of the number of
experiments required) also depended on the level of parameter precision or degree of
nonlinearity obtained. In Figure 4.16, if a reduction of the volume of the confidence
region to 1% of its original value was the objective of a D-optimal-C design, then
only 4 designed runs would have been required. If the PEC-C design was used
then 8 designed runs would have been required. The “difference” between the two
designs is now only 4 experiments as opposed to the 13 experiments in the previous
example.

The design criteria chosen for the experimental design will also depend on whether
priority is given to precise parameter estimates or a model/data set with a minimum

degree of nonlinearity. If the model/data set is significantly nonlinear, then priority
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Figure 4.22: Reductions of I'T? with the Tan model/data set, oxidation of propy-

lene, 390°C.

The reduction of the scaled parameter effects curvature obtained with

various experimental designs is shown as a function of the number of de-

signed runs. In order to avoid the effect of changing parameter estimates

the contirol simulations have constant parameter and variance estimates
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should be given to a minimum nonlinearity design. Since parameter pfecision usu-
ally plays an important role in making inferences then estimates of precision must
he reliable. As parameter precision is usually estimated based on the assumption
of a locally linear model, obtaining a model/data set with a minimum degree of
nonlinearity is essential. Hence a precise parameter estimation design should only
be applied to a model/data set with an acceptable degree of nonlinearity, justifying
priority for a minimum nonlinearity design. Having reduced the nonlinearity to
an acceptable degree the D-optimal design may be implemented should it still be
necessary. During the D-optimal design the degree of nonlinesrity should also be

monitored to ensure that it does not increase.

4.3.1 Summary

Comparisons of the control simulations for all three design criteria are summarized
in Table 4.2. In all cases 7R was reduced by at least 40% with the PEC-C design
criterion. Particularly large reductions were obtained with the Ayen and Peters
model/data set (> 90 % ). Of the three design criieria, the D-optimal design was
the least effective in reducing I'T® but its performance was good nonetheless. The
one notable exception was the Jaswal data set at 375°C, where I'TR was reduced
by only 9 % with 15 designed runs. While the D-optimal design was effective at
reducing TR, it must be considered incompatible with 2 minimum nonlinearity
design. With each of the Ayen and Peters, Jaswal and Juusola (except at 300°C)
data sets, the D-optimal design lead to increases of the parameter effects curvature.
With the remaining data sets, reductions of I'T® were irregular. This incompatibility
was also noted by irregular improvements of parameter precision with the PEC
and SSB designs. The parameter precision always improved with the minimum
nonlinearity designs, however any experiment, designed or not, will result in some
improvement. In Section 4.4 it will be shown that the incompatibility of the D-
optimal design with the SSB or PEC design was the result of different designed run
locations.

A useful indicator of the efficiency of a design criteria is one based on the number
of runs required to achieve a given goal (level of parameter precision or degree

of nonlinearity). This is of particular interest to the experimenter, who may be
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restricted by either time and/or cost considerations.
The minimum nonlinearity design should be given preference over the D-optimal
design. A major short coming of the D-optimal design is that it is based on a linear

approximation of the model, which is not valid if either I'7 or 'V are significant.
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Table 4.2: Summary of results using the control designs.

78

The effectiveness of the PEC, SSB and D-optimal control designs are

compared for a given number of designed runs. The parameter effects

curvature and volume of the confidence region are presented as fractions
of their initial values.

Authors and system Temp | Number | Reduction of I'T® | Reduction of Volume
°C of runs
PEC | SSB | D-opt | PEC | SSB | D-opt
Ayen and Peters [18] 375 30 93.4 1926 88.6 | 246t 260t ! 2.79¢
reduction of NO to NHs | 400 30 94.8 | 94.5 | 90.7 {2.33t | 2.48' | 2.75t
425 30 96.3 | 96.0 | 93.4 |3.36! | 3.62! | 3.88!
Juusola (24} 270 10 42.2 | 393 31.4 | 73.2 | 76.9 | 79.3
oxidation of o-xylene 290 10 535 | 526 385 | 68.4 | 688 | T45
300 10 49.7 1453 43.2 | 716 | 759 | 76.0
Jaswal [29) 350 15 | 793|776 544 | 3.2 | 93.9 | 96.6
oxidation of benzene 375 15 55.7 | 52.9 | 9.1 80.0 | 81.7 | 894
400 15 80.5 | 79.3 | 57.6 | 92.8 | 93.7T | 96.1
Tan [24] 350 15 52.1 | 52.1 | 411 | 741 | 76,1 | 80.1
oxidation of propylene 375 15 55.1 | 55.1 | 48.1 | 741 | 721 | 79.1
390 15 59.1 | 59.1 | 541 | 77.1 | 41 79.1

1 Reduction of volume represented by orders of magnitude, see text.
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4.4 Designed Run Locations and the Design Sur-

face

Designed run locations may be the most important criterion for comparing different
experimental designs. Comparing the designs using the volume of the confidence
region or I'T® is important but can be complicated by changing variance or param-
eter estimates. Using the control simulations of Sections 4.1 and 4.3 helped to solve
this problem. The information the experimenter obtains with any sequential exper-
imental design is the operating conditions under which the next experiment is to be
performed. One of the desired features of a minimum nonlinearity design criteria
mentioned in Section 3.1, was the compatibility of the design with other modelling
ohjectives. Precise parameter estimation, through use of the D-optimal design, has
already been identified as another modelling objective of concern in this work. In
Section 4.3 the D-optimal design was shown to be not fully compatible with the two
minimum nonlinearity designs. However in some cases the designs were virtually
identical in their ability to improve parameter precision. Whether the designs were
actually identical can only be determined by comparing the designed run locations.

D-optimal designs lead to a characteristic pattern of designed run locations, {5,23].

Designed runs are usually
¢ found at p locations
¢ approximately equally distributed at each location
s located at the limits of the experimental operating region.

Box [23] has shown that D-optimal designs will always result in p designed run
locations. D-optimal designs, or any additional experiment, will always lead to
an improvement in parameter precision, given that the parameter and variance
estimates remain constant. In Section 4.3, the D-optimal design reduced the extent
of nonlinearity in several cases. In the discussion of the original paper on relative
curvatures, Bates and Watts [1] noted that there could be some similarity between
minimum curvature and D-optimal designs. Hence, a minimum curvature design
might be expected to exhibit some of the traits of a D-optimal design.

Contour plots of the design surface complete the comparison of the designs. It
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is conceivable thet similar run locations can be chosen from two surfaces having
a different topology. Similarly, different run locations can be chosen from surfaces
having similar topologies. Multiple minima or maxima are easier to visualize, as
15 the sensitivity of the design criterion to the operating conditions. If multiple
minima exist, it may be preferable to perform the experiment under conditions
where the design criterion is less sensitive to the operating conditions. This would
avoid obtaining an undesirable result (increased nonlinearity) in the event that
stringent control of the operating variables cannot be achieved. Changes in the
design surface for different stages of the design can also be studied more readily.
Fortunately, the isothermal forms of all the models studied are functions of only two
operating variables; this will allow the design surface to be presented as a single
contour plot. The design surface was generated by evaluating the design criterion
over the nodes of a grid covering the operating region. The grid used for generating
the contours of the design surface was generally finer than that used in Section 4.3
for the actual simulations. |

Figures 4.23, 4.24 and 4.25 show the conditions under which the original data
was obtained and the designed run locations of the PEC-C, D-OPT-C and SSB-C
designs for the Ayen and Peters results at 425°C. After the 6 initial runs, ali the
PEC designed runs were at two locations. The locations (pNO,pH,) = {0.002,0.010)
and (0.002,0.012) may be considered the same as they are adjacent locations in the
grid search. The PEC designed runs followed a pattern, one run designed near
(0.002,0.010) and 4 to 6 runs at (0.002,0.050). The SSB-C design was verv similar
to the PEC design in both run location and sequence with two exceptions. Runs 20
and 25 were located near the upper limit of both operating variables, which is also a
D-optimal design location (but at which no PEC runs were designed). The SSB-C
design did not result in experiments near (0.030,0.014) which was a PEC design
location. The D-OPT-C design resulted in a different set of run locations and pat-
tern. The 2™ through 9% runs alternated between (0.002,0.018) and (0.002,0.050),
after which runs were also located at a third location, (0.050,0.050).

The characteristics of D-optimal designs were all observed, experiments were

designed at three locations, with roughly equal occurrences and at the limits of the
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Figure 4.23: PEC designed runs for Ayen and Pcters, 425°C.

Shown are the conditions under which the original data was obtained and
the location and sequence of the designed run locations for the PEC-C

design criterion.
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Figure 4.24: D-optimal designed runs for Ayen and Peters, 425°C.

Shown are the conditions under which the original data was obtained and
the location and sequence of the designed run locations for the D-optimal
design.
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Figure 4.25: SSB designed runs for Ayen and Peters, 425°C.

Shown are the conditions under which the original data was obtained and
the location and sequence of the designed run locations for the SSB-C

design criterion.
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operating region. The three designs were similar in that they resulted in exper-
Huents in two common areas, whereas the SSB and D-optimal designs had three
common locations. The PEC and SSB designs differed from the D-optimal de-
sign by having a concentration of experiments designed near (0.002,0.010). The
D-optimal design resulted in a more even occurrence of experiments at the three
locations. The PEC design was unique in being the only design to result in ex-
periments near (0.030,0.014). Initial observations suggested that the designs might
have been similar, while not wholly compatible. The differences in designed run
locations and the design surfaces confirm this.

The designed run locations with the PEC-S simulations were very similar to those
obtained with the PEC-C criterion. The four PEC-S simulations differed only in the
number of experiments designed near {0.030.0.012), the PEC-S simulations resulting
in fewer runs at this location. Stochastic simulations with the D-OPT and SSB
designs were also similar to their analogous control simulations. This suggested
that the random errors had little effect on the actual run locations (i.e. the designs
are robust) although they had a large effect on the actual degree of nonlinearity or
parameter precisioa.

Figure 4.26 shows the parameter effects curvature design surface for the first
run as a function of the two operating variables, the partial pressures of NO and
H,. The surface is scaled to show the parameter effects curvature as a fraction of
the original parameter effects curvature, 13.05. The design surface shows several
interesting featurés; there are multiple minima, the global minimum at {0.002,0.012)
and a local minimum at {0.050,0.050). There are also multiple maxima, the global
maximum at (0.034,0.050) and a local maximum at (0.050,0.002). The minimum
predicts a possible reduction of I'T to at least 25% of its initial value while the
maximum predicts a possible increase of at least 5%.

The possibility of increasing the degree of nonlinearity was unexpected. Unlike the
PEC design, the D-optimal designs will always predict an improvement of parameter
precision, regardless of the operating conditions. Figure 4.27 shows the D-optimal
design surface for the first run. The surface has been scaled, as with the PEC
surface, to represent the volume as a fraction of the initial volume. At first glance
the two surfaces appear to be very different, however they have several similarities.

The global minima are in the same general area and both surfaces have a local
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Figure 4.26: PEC design surface, Ayen and Peters, 425°C, Run 1.

The PEC design surface with contours of constant predicted parameter
effects curvature as a function of the operating variables, The surface is
scaled to show the predicted parameter effects curvature as a fraction of

the initial curvature.
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Figure 4.27: D-OPT design surface, Ayen and Peters, 425°C, Run 1.

The D-OPT design surface with contours of constant predicted volume
of the confidence region as a function of the operating variables. The
surface is scaled to show the predicted volume as a fraction of the initial

volume.
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minimum at {0.050,0.050). The local maximum of the PEC surface is the global
maximum of the D-optimal surface while the global maximum of the PEC surface
is near the local maximum of the D-optimal surface. Despite the common locations
of maxima and misima, the two surfaces had different topologies. This was more
evident after comparing the design surfaces for later runs.

The PEC desiga surface for the 11t* run is shown in Figure 4.28 and scaled to
represent the surface as a fraction of the previous value, i.e. as fractions of I'7 for
the 10** run. The design surface has changed considerably, but there is still a local
minimum near the global minimum of the first designed run. The most striking
feature is that under a large set of conditions an increase of I'7 is predicted, up to
5%7t. At this stage of the design reductions of [T were very small, Figure 4.3. This
1s also reflected by the surface for the 11 run. The greatest predicted reduction of
I'T is only 8%, much lower than the possible 75% seen for the first run and almost
as large as the greatest possible increase from an undesigned run. The surface is
in fact much flatter than suggested by Figure 4.28, because it is scaled with I'T for
the 10** run rather than the original data. Had the original curvature been used
to scale the surface, the contours would only have ranged from 5.4% to 6.6% and
possible increases of I'TR relative to the previous run would not be evident.

The D-optimal surface for the 11** PEC designed run is shown in Figure 1.29.
The surface bears little resemblance to Figure 4.27 or 4.28. However there is still
a loral minimum at (0.050,0.050) as in Figure 4.27, which is one of the three D-
optimal run locations. The surface is considerably flatter than for the first run. The
greatest reduction of the volume is only 25% compared to the 90% possible with
the first run. While the PEC and D-OPT designs shared a common designed run
location, the dissimilarity of the design surfaces show that the designs are not the
same.

Simulations with the 400°C and 375°C data sets gave results similar to those
obtained at 425°C. The PEC criterion led to runs designed at the same or very
similar conditions as at 425°C. At 400°C the SSB criterion resulted in only two run
locations, the same as the PEC criterion, while at 375°C 5 of the runs were designed
at the D-optimal conditions not common to any of the PEC designs, (0.050,0.050).
At both of the lower temperatures the D-optimal design led to run conditions similar
to the 425°C data set.
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Figure 4.28: PEC design surface, Aycn and Peters, 425°C, Run 11.

The PEC design surface for the 11'A run, with contours of constant pre-
dicted parameter effects curvature as a function of the operating vari-
ables, The surface is scaled to show the predicted parameter effects

curvature as a fraction of the initial curvature.
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Figure 4.29: D-OPT design surface, Ayen and Peters, 425°C, Run 11.

The D-OPT design surface with contours of constant predicted volume
of the confidence region as a function of the operating variables. The

surface is scaled to show the predicted volume as a fraction of the initial

volume.
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At all three temperatures the D-optimal design initially led to runs designed at
only 2 locations (rather than the expected p = 3). The third location, (0.050,0.050),
was chosen only after the 10 or 9% runs. The initial runs were designed at condi-
tions similar or identical to the PEC and SSB designs.

In Section 4.3 it was observed that the D-optimal designs often resulted in in-
creasing I't®. With the Ayen and Peters model/data set at 425°C, Figure 4.17,
IR increased with runs 10, 13, 16, 19, 22, 25, and 28. These were all experi-
ments designed at (0.050,0.050), the D-optimal run location not common to the
PEC design. Likewise, the PEC-C design did not result in steady improvements of
parameter precision, Figure 4.16. Parameter precision improved at a higher rate
for runs 7, 11, 16 and 20 with the PEC-C design. All these runs were performed
at (0.002,0.050), a run location common to the D-optimal design. This relation-
ship between improving parameter precision and reduction of the parameter effects
curvature with designed run locations was also observed at the lower temperatures,

Simulations using the PEC criterion with the Jaswal model/data set were suc-
cessful in reducing I'T to an acceptable level at all three temperatures. At 350°C,
375°C and 400°C only 6,2 and 7 designed runs, respectively, were required. To
allow comparison of the designs, 15 runs for each of the three control criteria were
simulated at each of the temperatures. Figure 4.30 shows the original data and
the sequence and location of the designed runs for the three control simulations at
400°C. The D-optimal design behaved as expected, alternating between 2 (= p) run
locations at the extremes of the operating region. The PEC design showed similar
characteristics with one of its two design points very close to a D-optimal location.
A characteristic of the PEC design, similar to that observed with the Ayen and Pe-
ters model/data set, is the preference for one of the run locations. In this case more
runs were designed at the location common to the D-optimal design. The SSB-
C run locations were also primarily designed at (pO;,pCeHg) = (0.0030,0.0045),
common to both the PEC and D-OPT designs. Three runs were also designed at
(0.0160,0.0030), between the second PEC and D-OPT run locations.

The PEC and D-OPT design surfaces are shown in Figure 4.31 and 4.32 respec-
tively. The surfaces have a common global minimum. However, a local minimum
on the D-optimal surface (actually the second D-OPT run location) located at
(0.0160,0.0045) is near the global maximum on the PEC surface. This explains
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Figure 4.30: Designed runs for Jaswal, 400°C.

Shown are the conditions under which the original data was obtained and

the location. and sequence of the designed run locations for the PEC-C,

D-OPT-C and SSB-C design criteria.
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Figure 4.31: PEC design surface, Jaswal, 400°C, Run 1.

The PEC design surface with contours of constant predicted parameter
effects curvature as a function of the operating variables. The surface is
scaled to show the predicted parameter effects curvature as a fraction of
the initial curvature.



CHAPTER 4. RESULTS AND DISCUSSION a3

40.0-

35.04

N meE mr R W ah R S e e o wh oW wh ow e vy

15.04
10.0-\ /

5.0

PARTIAL PRESSURE OF BENZENE (atmx10*)

0.0 T i
40.0 80.0 120.0 160.0

PARTIAL PRESSURE OF OXYGEN (atmx10*)

Figure 4.32: D-OPT design surface, Jaswal, 400°C, Run 1.

The D-OPT design surface with contours of constant predicted volume
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the alternating increase/decrease of I'ZR with the D-optimal design seen in Sec-
tion 1.3, Figure 4.21. The increased parameter effects curvature occurred with runs
3,5,7,9,11, 13 and 15, which corresponded to D-optimeal runs at (0.0160,0.0045).
The similarity in the performance of the PEC-C and SSB-C designs in Figure 4.21
is expected given the similarity in designed run locations.

The designed run locations were essentially the same for both the stochastic and
control simulations. The similarity in designed run locations was also expected
because parameter estimates were stable during the simulations. With the D-OPT-
S simulation, k, varied from 0.25x1072 to 0.31x10~3. One of the designed run
locations shifted to an adjacent node on the grid covering the operating region,
from (0.0040,0.0045) to (0.0030,0.0045).

The designed run locations at 375°C and 350°C for all three control designs were
similar to those at 400°C, including the preference for one location with the PEC
and SSB designus.

The model/data set of Juusola {14} is different from that of Ayen and Peters and
Jaswal in that Juusola used a D-optimal design in his original work. Figure 4.33
shows the run locations of the original data (with differentiation of D-optimal and
non-D-optimal runs in the original work) and the run locations for the control PEC,
SSB and D-OPT (for this work) designs. The D-optimal designed runs obtained
in this work agree with those of Juusola . The SSB-C design is very similar to the
D-optimal design. This similarity was suggested in Figure 4.18 in Section 4.3 where
the progress of the two designs is essentially the same with respect to improving
parameter precision.

A striking feature of the PEC and D-OPT surfaces in Figure 4.34 and 4.35, is
their similarity to those for the Jaswal model/data set. This similarity is actually
expected when one recalls that both workers used the same model to describe the
catalytic oxidation of a hydrocarbon. The lower right hand corner of each figure
is cut by an operating constraint (the straight solid line) representing too high a
conversion for the assumption of a differential reactor. The PEC and D-optimal
surfaces are similar in that they share a common global minimum, ignoring the
operating constraint, and similer local minima, which are the second designed run
locations for either design. The surfaces are different with respect to the maxima,

as was the case with the Jaswal model/data set.
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Figure 4.33: Designed runs for Juusola, 300°C.

Shown are the conditions under which the original data was obtained and

the location and sequence of the designed run locations for the PEC-C,
D-OPT-C and SSB-C design criteria.
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Figure 4.34: PEC design surface, Juusola, 300°C, Run 1.

The PEC design surface with contours of constant predicted parameter
effects curvature as a function of the operating variables. The surface is

scaled to show the predicted parameter effects curvature as a fraction of

the initial curvature.
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The minimum appears to be near (pOa,pO- -xylere) = (0.0070,0.0001) in Fig-
ure +.34 rather than that indicated in Figure 4.33. This run location was not
chosen due to the coarseness of the search grid used to cover the restricted operat-
ing region (a much finer grid was used to generate Figure 4.34). The PEC surface
is extremely flat, a maximum reduction of only 8% of I'TR is predicted over the
feasible operating region while the unrestricted surface predicts a reduction of 25%.
The D- OPT surface is also extremely flat, with a predicted reduction of 20% of the
volume of the linear approximate confidence region when the operating constraint
is observed. The Jaswal and Juusola model/data sets had similar initial degrees
of parameter effects nonlinearity and the same model was used by both workers.
Simulations with the Jaswal model were successful at reducing the extent of nonlin-
earity with all three designs at all three temperature levels while simulations with
the Juusola model were successful at only one temperature. Eowever no informa-
tion regarding operating constraints was available for the Jaswal data set. If there
were any constraints, reductions of I'T® and improvements of parameter precision
may not have been so large. |

The topologies of the PEC design surface suggests an alternative run location
rather than the global minimum. The greatest reduction of I'T was approximately
8% for the first designed run. The local minimum at (30,3.5) predicts a similar
reduction but I'T is less sensitive to the operating conditions at this point. If
stringent control of the operating variables were not expected at the global minimum
the predicted reduction of I'7 would not be obtained.

At 300°C the D-optimal designed runs from this work agree with those chosen
by Juusola. However only one PEC designed run location was common to the D-
optimal design. The unique D-optimal location (also chosen by the SSB-C design)
was located at (0.0010,0.00035), which was a maximur. on the PEC surface at
300°C. The D-OPT and SSB runs designed at this location resulted in increasing
IIR,

Tan made extensive use of the D-optimal design in his work. Figure 4.36 shows
the location of the original data and the designed run locations obtained with the
three control design criteria in this work at 350°C. The designed runs in the original
work were all located near (pO3z,pPropylene) = (8.0,1.0). The two runs near (7.0,6.5)
were also designed at the former location but the local minimum was used as an
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Figure 4.36: Designed runs for Tan, 350°C.

Shown are the conditions under which the original data was obtained and

the location and sequence of the designed run locations for the PEC-C

D-OPT-C and SSB-C design criteria.
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alternative to provide better coverage of the operating region. In this work all
but two of the D-optimal runs were designed at (8.0,1.0), the exceptions being at
(4.0,4.0). PEC-C and SSB-C runs were also predominantly designed at (8.0,1.0)
and others at (1.0,3.0), (3.0,5.0), (4.0,6.0) and (7.0,8.0).

The PEC design surface, Figure 4.37, offers an explanation of the numerous PEC
and SSB run locations. There are two maxima and minima, the global minima
occurring at (8.0,0.33). However one of the operating constraints was a minimum
concentration of 1 mmol,/L for either reactant, hence the minimum chosen iwas
(8.0,1.0). A local minimum was found in an elongated valley, running parallel to
an operating constraint. This valley also contained the numerous run locations for
the PEC and SSB designs.

The D-optimal, Figure 4.38, and PEC surfaces are very similar. They have local
maxima at (1.0,8.0) and a ridge running roughly parallel to a propylene concentra-
tion of 1-2 mmol/L. The global minima are both located at (0.0,0.33) (which is in
the constrained region) as well as a broad valley running parallel to the pProp=p0.
line. The D-optimal and PEC designs appear to be compatible for this model/data

set. In Section 4.3 the D-optimal simulated designs never resulted in increasing
TR,

4.4.1 Summary

The previous Section comparing the performance of the D-optimal, PEC and SSB
designs suggested that the designs would be incompatible in some cases, while in
others they would be. This was confirmed after comparing designed run locations
and the design surfaces for the PEC and D-optimal criteria. The PEC, SSB and
D-OPT designs often resulted in similar run locations. These run locations were
minima on contour plots of the design surfaces. These plots also revealed obvious
incompatibilities of the PEC and D-OPT designs; minima for one design coinciding
with maxima for the other.

By using contour plots of the design surface, alternative run locations at local
minime may be preferred to global minima. This situation would arise when the
design criterion is sensitive to the operating conditions at the global minimum but

relatively insensitive at a local minimum. A small sacrifice in terms of efficiency
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PARTIAL PRESSURE OF PROPYLENE (rmmol/ L)

=] MIN

PARTIAL PRESSURE OF OXYGEN (mmol/L)

Figure 4.37: PEC design surface, Tan, 350°C, Runl.

The PEC design surface with contours of constant predicted parameter
effects curvature as a function of the operating variables. The surface is
scaled ta show the predicted parameter effects curvature as a fraction of

the initial curvature.
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Figure 4.38: D-OPT design surface, Tan, 350°C, Runl.

The D-OPT design surface with contours of constant predicted volume
of the confidence region as a function of the operating variables. The

surface is scaled to show the predicted volume as a fraction of the initial

volume.
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could be made for a reliable improvement. An alternate run location would also
be warranted if the local minima for both the D-optimal and PEC (or minimum
nonlinearity) designs coincided.

The PEC design surface revealed that the extent of nonlinearity can also increase
over a considerable portion of the operating region. Performing an undesigned run,
for checking model adequacy or checking catalyst activity, may negate the progress
obtained with earlier experiments. Simulations and contour plots obtained before
entering the experimental stage would allow the experimenter to select a PEC or
D-OPT run location as a standard run location for checking catalyst activity.

The use of both stochastic and deterministic simulations showed that the three de-
sign criteria are robust with respect to the effect of the random errors and changing
parameter estimates on the designed run locations. This was particularly evident
with the Ayen and Peters model/data set for which parameter estimates were most

unstable.



Chapter 5

Conclusions and

Recommendations

5.1 Conclusions

Two designs were developed for the reduction of the extent of nonlinearity of a non-
linear model/data set. The parameter-effects curvature (PEC) and sum of squares
of biases (SSB) design criteria, based on the Bates and Watts {1] relative curvatures
and Box’s bias (2] respectively, successfully reduced the nonlinearity in simulated
sequentially designed experiments. Measures of noalinearity were considered as

potential design criteria. Of these:

o Beale's [4] measures of nonlinearity were not considered because of excessive
computational demands, inaccuracies with highly nonlinear model/data sets

and the lack of a test for significant nonlinearity.

 Ratkowsky’s [3] sampling properties were also too demanding computation-
ally. While test’s for significant nonlinearity were available for the four mea-
sures, there was no apparent suitable method for assimilating the measures

into & design criterion.

¢ Lowry’s [3] measure of bias lacked a test statistic and was excessively demand-
ing computationally. Techniques which may reduce the computational effort
recently reported [16] but were not studied in this work.

104
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» Box’s bias lacked a test statistic but was extremely simple to calculate. The
measure was also known to be related to the Bates and Watts relative curva-

tures, and, as such, the measure was studied as a potential design criterion.

e The Bates and Watts relative curvatures were shown to be reliable, if overly
strict, indicators of nonlinearity in the literature and a test statistic was avail-
able. Computational effort was acceptable. The two measures of curvature
were easily incorporated into a design strategy. Priority was given to reduc-

tion of the intrinsic curvature, followed by reduction of the parameter-effects
curvature.

Evaluation of the measures of nonlinearity for use as design criteria required that
they accurately indicate the extent of nonlinearity. Lowry’s and Beale’s measures
were not studied in this work and Ratkowsky’s sampling properties were limited to
evaluation of the initial data sets. The curvatures and Box’s bias were evaluated
for the initial data sets and after each simulated experiment. Comparisons of linear

approximate-shape and exact-shape confidence regions revealed that:

o Box's bias and the test for significant nonlinearity (< 1%} are not accurate.
The bias itself may be accurate when the diagonal elements of AT, which are
used to calculate the bias, dominate. The test statistic however is inadequate
as it does not account for the size of the data set, number of parameters nor

a level of significance. The bias consistently underestimated the extent of

nonlinearity.

e The curvatures and the test statistic were conservative, reliable measures of
nonlinearity. The curvatures correctly predicted when the linear approximate-
shape confidence regions provided poor coverage of the exact-shape confidence
regions. In some cases the curvatures and/or test statistic were considered

overly conservative. Similar observations were made by Donaldson and Schn-
abel [19] and Cook and Witmer [28].

¢ Reductions of nonlinearity with simulated experiments, as indicated by reduc-
tions of I'T and the bias, were confirmed by the improved coverage provided

by the linear apprcximate-shape confidence regions.
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Simulated, sequentially designed experiments were used to evaluate and compare
the effectiveness of the PEC, SSB and D-optimal design criteria in reducing the
extent of nonlinearity. The following observations were made during these simula-

tivns:
» The PEC design was the most effective at reducing I'?, as would be expected.

® The SSB design was also effective at reducing I'T, often nearly matching the
performance of the PEC design.

¢ The SSB design usually resulted in designed run locations similar to the PEC
design. Such similarities in the designs occurred when the parameter-effects
portion of the acceleration array (A7) was dominated by the diagonal ele-
ments. These elements are known to be scaled versions of Box’s bias, on
which the SSB design is based.

* The D-optimal design was also usually effective in reducing nonlinearity. The
design shared run locations with the PEC and SSB designs. However, some
run locations were unique to the D-optimal design, resulting in very small
reductions, or even increases, of I'T. This incompatibility of the designs is of
importance to the experimenter, indicating that priority should be given to
a minimum nonlinearity design. The D-optimal design is flawed because it is

based on invalid linear approximations of a nonlinear model/data set.

¢ With highly nonlinear model/data sets, extremely high reductions of I'T were
obtained with the initial designed runs with all the design criteria. Reductions
of I'T decreased asymptotically as the number of designed runs increased.
Simulations would prove valuable in an experimental modelling study before
actually undertaking an experimental design. Information would be obtained
regarding the expected degree of nonlinearity that could be achieved with
a given number of experiments. In this work, simulations revealed that an
unacceptable number of designed experiments would be required to reduce
the nonlinearity to an acceptable level, but that large reductions could still be
achieved. Expanded regions of operation could also be evaluated for potential

gains in reduction of nonlinearity.
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o Parameter and variance estimates were unstable in the stochastic simulations
with some model/data sets when large simulated random errors were encoun-
tered. This made comparisons of the design criteria difficult. The parameter-
effects curvature, which is scaled using the estimated variance, was particu-
larly sensitive to these large errors. Scaling I'TR to T'IER o eliminate the effect
of changing variance estimates was not entirely successful due to changing
parameter estimates. This led to use of “control” simulations in which the
p;.ra.meter and variance estimates obtained with the initial data sets were used

throughout the experimental design.

Improving parameter precision is always a primary concern in modelling. As
such, the effect of the three design criteria on parameter precision was also studied.
The following observations were made:

¢ The D-optimal design was the most effective at improving parameter precision,

as measured by the volume of the linear approximate confidence region.

» The SSB design was usually more effective than the PEC design at improving
parameter precision, although they were always nearly identical. Both designs
compared well with the D-optimal design.

» Due to the nature of the measure of parameter precision, improvements will al-
ways be obtained, regardless of the operating conditions. In a situation where
the improvement of parameter precision was given priority, if a D-optimal
run would increase the nonlinearity, 2 minimum nonlinearity design should be
given serious consideration instead. This would still provide an improvement
in parameter precision and not increase the nonlinearity. Comparisons of the

design surfaces would be useful in selecting alternate run locations in such
situations.

o Contour plots of the design surface reveal the sensitivity of the design criteria
to the operating conditions. Alternate run locations, other than the global
optimum, could be chosen if the design is very sensitive to the operating

conditions and tight operating control cannot be accomplished.
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5.2 Recommendations

Gas-solid catalytic rate model/data sets from four studies were used in this work.
One model was of the Hougen-Watson type while the remaining three were steady
state adsorption models, one model being used in two of the studies. While the
conclusions stated earlier are expected to apply to any model/data set, it would be
desirable to apply the PEC and SSB design criteria to other catalytic rate models
as well as nonlinear models in general. This would allow

o further comparisons of the PEC, SSB and D-optimal designs and their ability

to reduce the extent of nonlinearity and improve parameter precision.

e evaluation of the relative curvatures as measures of nonlinearity based on

comparisons of linear approximate-shape and exact-shape confidence regions.

Numerous questions were raised during this work but could not be fully covered.

~ Further work should address the following points:

¢ Comparisons of the design surface were made for the PEC and D-optimal
criteria. Comparisons should also be made with the SSB design surface. This
would allow comparing the PEC and SSB surfaces when AT is dominated
by the diagonal elements, suggesting that the surfaces should similar., The

intrinsic curvature surface should also be compared to the other designs.

o The D-optimal design has been shown to be misleading in certain cases, Hamil-
ton [10], because it does not account for nonlinearity effects. The quadratic
D-optimal design does account for nonlinearity effects, comparisons of the
design surface for this design should be made with the PEC, SSB, INC and
normal D-optimal design.

* Box’s bias has been shown to be an element of AT, Bates and Watts [1];
it can be regarded as a simple but incomplete measure of parameter effects
curvature. As such a more reliable test statistic for significant parameter bias
could be developed from Bates’ and Watts’ own test statistic for the relative
curvatures. This bias measure and test statistic would be reliable when A7 is
dominated by the diagonal elements.
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* In comparing linear approximate-shape confidence regions, a question was
raised regarding which type of nonlinearity, intrinsic or parameter effects, had
the greater effect on inferences. The design surface could be searched for a run
location which would reduce one type of nonlinearity while not appreciably
changing the other. Comparisons of the confidence regions would be used
to evaluate wkich curvature had a greater effect on inferences. This would

be facilitated by using a digitizer to obtain the coverage of the exact-shape
region.

The intrinsic nonlinearity was acceptable for all the model/data sets used in this
work and has rarely been found to be significant in the literature. As such there is
no way of evaluating the effectiveness of the INC design criteria or it’s compatibility
with any of the other designs.

Different intrinsic curvatures were obtained for 2 given model/data set with dif-
ferent parameterizations. Given the definition of a parameterization this should
not have been the case. Using different stariing vectors to pre and post multiply
the intrinsic curvature portion of the acceleration array led to different converged
values for ¥, Convergence to the true maximum curvature was tested in this work
by using p unit vectors. Simulations with the non-isothermal form of several of the
models lead to cases were convergence to a maximum curvature could not be ob-
tained with any of the starting vectors with 1000 iterations. Further work should be
directed to studying the multiple maxima of the relative curvatures and the failure
to converge at all.

This work involved only simulated experiments using existing model/data sets
as starting points. While simulations are indispensable for initial studies of the
design criteria it is most desirable to apply the PEC or the SSB design criteria to
an experimental modelling study in progress.
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Appendix A

Bates and Watts Relative

Curvatures

The following discussion on the relative curvatures of Bates and Watts is taken
from Bates’ Ph.D thesis [30] and Bates and Watts {1] as those author’s expressed
the derivations clearly as concisely. Their notation was kept as closely as possible.

A nonlinear model can be approximated with a linear approximation at a fixed
set of parameters, 85, and is given by

n(8) ~ n(B6) + Y (0 — Bio)v: (4.1)

i=1

Bi(xl.,ﬂl
Bf(x:n.,el

The effect of the linearization is to replace the solution locus by a tangent plane
at 1(6y) and the coordinate system with a uniform coordinate system. The model
meps the parameter vector § onto a p dimensional surface (the solution locus) in

the n dimensional space. If & point 8, in parameter space maps to a point 7{f,) on

where

Vi =

(A.2)

the solution locus, then a line in parameter space through 6, will map onto a curve

on.the solution locus through n(6,). An arbitrary line through parameter space is
given by

8() = 8, + bh (A.3)
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where b is a geometric parameter and h is any ? X 1 non-zero vector. This maps

onto a curve, or “lifted line”, 1y, () on the solution locus where
7h(b) = (86 + bh) (44)

The tangent to the curve g, at b =0 is

. _ Om F
Th = 35— 8b IO Z 18‘0 3b ;vl (..A.S)
where T
T (%) _[om 8m  bm.
Vit = (aei) = |58, 36, B8, (4.6)
and
V.= [V],,VQ,...,V;J (A.?)

The tangent vector to 5 is therefore a linear combination of the vectors v; and
the set of all possible combinations is the tangent plane at 17(90).

The acceleration of the lifted line ny, is also a linear combination of vectors de-
termined by the model parameters. The second partial derivatives are given by

_6n
Vi = 36.00, lg,

which are n x 1 vectors which can be collected in the n X p X p matrix V.. The

(A.8)

second derivative of n(d) at b = 0 can be written

81
h = 53 = Z Zv,,h,h =hTV_ h (A.9)

i=1j=1

If a point is moving in sample space, Fig. A.1, and is at ny(b) at “time” b then the
vectors 7, and 77, can be interpreted as the instantaneous velocity and acceleration

of the point at b = 0. The acceleration vector #,, is composed of three components
=" + " + . (4.10)

The normal acceleration #j,¥ determines the change in direction of the vector N
normal to the tangent plane. The geodesic acceleration ¢ determines the change
in direction of the vector jy, parallel to the tangent plane. The parallel component
" determines the change in speed of the moving point and therefore determines

whether the point moves uniformly across the solution locus.
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Figure A.1: Solution Locus and Acceleration Components

A “point” on the solution locus at 1n(8) has an instantaneous velocily
and acceleration of magnitude and direction given by 7, and #;, respec-
tively. The acceleration has three normal components. The component
normal to the solution locus, 7", determines the curvature of the solu-
tion locus and the intrinsic nonlinearity. The two remaining acceleration
components are on the same plene as f;,, tangent to 7(8). The geodesic
acceleration, ,%, determines the change in direction of 1 parallel to

the tangent plane while ), determines the change in speed.
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Figure A.1: Solution Locus and Acceleration Components

A “point” on the solution locus at (@) hes an instantaneous velocity
and acceleration of magnitude and direction given by 77, and 7}, respec-
tively. The acceleration has three normal components. The component
normal to the solution locus, 7y, ", determines the curvature of the solu-
tion locus and the intrinsic nonlinearity. The two remaining acceleration
components are on the same plane as 7, tangent to n(8). The geodesic
aceeleration, #,¢, determines the change in directior of #),, parallel to

the tangent plane while i}hp determines the change in speed.
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The acceleration components can be converted to curvatures as
= N
Kj = kil (4.11)
I 7 1P

which gives the normal curvature in the direction h. The normal curvature can
be interpreted as the inverse of the radius of a circle which best approximates the
solution locus in the direction 7, at 8,. The tangential acceleration components

are combined in a total tangential acceleration and converted to a curvature as

I

KT — “ Th -+ Th “

| 7 I

The curvatures are converted to standardized relative curvatures (using the stan-

(A.12)

dard radius p ) which are invariant under changes of scale of the response. The

standard radius
p=a\p (A.13)

is a convenient scaling factor because in the linear case the confidence region is

given by & such that
" '?(9) - n(é) "%s Py Fp.v.a (A'l'.*)

which is equivalent to the region described by Eq. 2.18 in Section 2.3. The intrinsic

and parameter effects curvatures respectively are then defined by
1 = Kip (A.15)

7i‘; = K{lp (A.186)
For the intrinsic effects the relative curvature can be regarded as a ratio of the
radii of the standard radius and the radius of curvature of the solution locus. So,
when the relative curvature is large then the radius of the solution locus is small
compared to the standard radius, i.e. the solution locus is highly curved. The
value 7‘; can be regarded as the radius of curvature of the 100(1 — a)% confidence
region. If, for all directions h, 71": is small then the solution locus is fairly flat over
the confidence region disc. The same argument applies to 7{1 and the validity of
assuming a uniform coordinate system for 8.
In practice the curvatures are calculated using scaled data; Y, n, V. and V

are divided by the standard radius. In the following derivations this is assumed
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to have been done. Calculating the curvatures is greatly simplified by rotating
the coordinates of sample space so the first p co-ordinate veciors are parallel to
the tangent plane and the remaining n — D vectors are orthogonal to it. This is
useful because in calculating the curvatures one has to determine the length of the
components 7 and ™. This is done by premultiplying all the vectors in sample

space by the orthogonal matrix QT which is part of the QR decomposition of V_
(Businger and Golub {31}).

V.=QR = Q% (A.1T)

where R is p x p and is upper triangular. The co-ordinates in the parameter space

are transformed from @ to

¢ =R(8 — 6) (A.18)
so that the derivatives u;
&n
v = 5 lomo (4.19)

are orthogonal unit vectors which are in fact the first p columns of Q. The second

derivative vectors, u;;, are given by

én?
% = 5558 lo (A.20}
where
L=R" (A.21)
so that
8=8+Lg. (A.22)

The matrix of second derivatives in the ¢ co-ordinates is
U.=LTV_ L (A.23)

The coefficients, in terms of the rotated sample space co-ordinates, are determined

in the acceleration array A_ by
A =QTU]l=AT|AY (4.24)

which is partitioned into A T which is p x pxpand A Y whichispxpxn— P
In the ¢ parameters, the lifted line #)y4 has a length of 1ifd is a P % 1 unit vector.
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Therefore the curvatures can be calculated directly as
2 =l (47U_d) ||=|| dTA T4 | (4.25)

and
1ia =[| (d*U.a)¥ ||=|| d¥A_¥q | (A.26)

The relative curvatures determined by Eq. A.15 and A.16 correspond to a particular
parameter space direction h. The severity of the nonlinearity can be measured by
the maximum relative curvatures, i.e. the curvatures obtained with d such that

Eq. A.15 and A.16 are maximized. The injtial direction d; is updated by the gradient
8 = V(rd) | di = 4[d] A¥d;][ANq;] (A.27)

if
gldi<1-¢ (A.28)

then d;4q is updated to the gradient, otherwise the maximum relative curvature is
determined by Eq. A.15. The initial starting direction for d suggested by Bates and
Watts is dg = (0,0,...,1)T, However convergence to false maximum curvatures has
been observed in this work. To avoid this problem the p starting vectors pointing
along each axis have been used in calculating each curvature.

The FORTRAN VS program used to calculate the maximum relative curvatures
in this thesis is given in Appendix E. The bulk of the program was teken from
Ratkowsky (3] and includes Box’s bias and Ratkowsky’s Monte Carlo simulations.
The program was modified for this work to facilitate the sequential experimental

design simulations and to help avoid convergence to false maximum curvatures.



Appendix B
Box’s Bias

Box developed a quantitative measure of a parameter’s bias in a nonlinear model.

The mezsure was developed for the multiresponse case for n observations of all k

responses having a known variance-covariance matrix for the responses given by
o= {o%} 4i=12..,k 2=1,2,...,n (B.1)
u

I~ Tu
011 012 ... Ouk

0'2.1 0'2'3 vea 0'3'],

= o .. : (B.2)

| o1k T3k ... Ohk J
This variance-covariance matrix is not that discussed in section 1.3 for the parameter
estimates but describes the covariance structure of the observations and allows for
different covariance structures for each run location. For this general case, the
derivation of the biases is simplified by using the following nk x 1 vectors for the

nk residuals, observations and predictions for a given 6

e = {ef,...e5}T

{61.1, €1,2)010y €1,ky €2,1 €229+, 52,&:3 seay En‘]_, ey 5n,k}

Y = {Y{,..YHT (B.3)
f(a) = {fl(xhe)a LR fk(xla 6)1 veey fl(xn! 9)! s fk(xn!a)}'r

In this case the sum of squares of the residuals to be minimized

(Y - £(8))" =7 (Y - £(6)) (B.4)
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or

eIy le (B.5)
where

.0 ... 0

0 .. O
g=| 0 = ° (8.6)
00 ..¥%,
The minimum SSR corresponds to the parameters 8 which satisfy
F(6) = (Y -£(8)) =0 (B.7)

where F(8) is the nk x p matrix of first derivatives of f(8). If ¢ = 6 — 6 denotes

the discrepancy in the parameter estimates 8, then the vector of residuals can be

written
Y — £(8) = e — F(8) — %qu (B.8)

The models are assumed to be adequately represented by their Taylor series expan-

sion in powers of ¢, truncated after two terms with
G=(Hy,9,...,Hi:¢,Hs10... H3x@, Hand.. . Ho 1 d)T (B.9)
and H,; is a p x p matrix of second derivatives with respect to the parameters. Also
F(0) = F(8) + G (B.10)
Suppose that the discrepancy in the parameter estimate is of the form
d=Ae+q (B.11)
where q (p x 1) is 2 quadratic function of the random errors
q = (¢"Be,...€"B,e) (B.12)

and the matrix A is p x nk and B is nk x nk, which are all to be determined. With
this assumed form the expectation of the discrepancy, the bias, is zero when the

random errors have zero variance. Taking the expectation of Eq. B.11

E(¢) = E(q) (B.13)
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Using Eq.B.8 and B.7 in B.10, the following is obtained
1
(F+G)TT e — P —- §G¢) =9 (B.14)

where F(8) is now written as F. Eq.B.11 is substituted into Eq. B.14, the coefficients
are equated to zero so that the expression is identically zero to the second order in

the random errors €. From the linear term in e

FITe —FAe) =0 (B.15)
from which
A=VFTy? (B.16)
where
V= (FTL iR (B.17)

The second order term in € is
FTy-}(Fq — %JAG) + IS (e~ FAe) = 0 (B.18)

where J is the nk x p matrix
J = (Hy Ase,...,Hy A6, Hy A, ..., HirAe,Hp A€, .., H,  A€) (B.19)

Taking expectations of Eq. B.18 gives

FT5~(—FE(q) - %m) —0 (B.20)

Where m is an nk x 1 vector
m = [ir(Hyu V), ..., ir(Hy V), ... tr(Ha V), ..., tr(Hy V)] (B.21)

where tr(argument) denotes the trace of 2 matrix, the trace being the sum of
the diagonal elements. In taking the expectation of Eq. B.18 , the second term,
JTy.-1(e — FAe) is zero. Therefore, with Eq. B.13 and Eq. B.20 the bias is

E(¢) = B(a) = —3VF'E'm (B.22)
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which, when expanded with F as & x P matrices of first derivatives for the v =

1,2,...,n observations, becomes

) tr{(£0, FTT; P, ) H,, )

E(9)= -3 ( S2.FIryw, ) 3 R s

= {2 FYSS 'R Hus)
(B.23)

The general expression for bias simplifies greatly for the single response case and

further still for the single Teésponse constant variance case. The former reduces to

B0 =3 (o B ) S (o BR ) R) ey

u=1] u

where now each F,, is 1 X p and the px p matrices H, no longer require a second suffix

to indicate which response is being considered. The single response, homoscedasiic
case

B(#) = -5 (T2 TR ) e L RIF )R (Bas)

u=l

Again the reader is referred to the original paper by Box [2] for a more detailed
discussion of the derivation (from which the above was taken) and examples. As
mentioned earlier, Bates and Watts have shown that for the last and simplest case
above, the bias for ; is in fact a scaled average of the diagonal elements of the jth
face of their parameter effects portion of the acceleration array A T, As such the
bias is never actually calculated directly in the program presented in Appendix 3,
but is determined from '

E(@-6)= 2‘8‘:;1, (i; aT) (B.26)




Appendix C

Ratkowsky’s Monte Carlo

Simulations

Ratkowsky [3] suggested a novel method for studying the nonlinearity of a model/data
set. He used Monte Carlo simulations to obtain & large number of estimates of the
parameters from which he obtained their sampling properties and compared them to
the known sampling properties of the normal distribution. Recall that the parame-
ters in a linear model are linear combinations of the normally distributed values of
the response and so the parameters are normally distributed themselves. Then the
degree of non-normal behavior of the parameters in a nonlinear model reflects the
extent to which the parameters are nonlinear combinations of the response.

A large number of parameter estimates are obtained by performing nonlinear
regressions on a large numbzr of pseudo-random data sets. These data sets are
generated from the model using the parameter and variance estimates, § and a3,
obtained from the originel data. These are the best available estimates of their true
unknown values. The pseudo-random data sets are generated by adding a simulated

random error, &, to the predicted response

ye= f(x,0)+e (C.1)

with €, assumed to be normally distributed with mean zero and variance o3, Library

routines which produce the required random numbers with normal distributions are
widely available.

A random error is generated and added to each predicted response and then
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the parameters re-estimated and stored. This procedure is repeated NSIM times.
Ratkowsky suggests using NSIM= 1000, stating that misleading inferences can be
made with fewer simulations. The idea of performing 1000 simulations may at first
seemn to be very demanding computationally. While the simulations do require a fair
amount of computing (they are not at all suitable for microcomputers) the situation
is not as bad as it may seem. The original parameter estimates used to generate
the data are used as excellent initial estimates and so convergence may be obtained
very quickly.

From the 1000 estimates of each parameter, the first four sample moments are
caleulated. The first moment is simply the average or mean and the second moment
is the sample variance. The third and fourth moments are used to determine the
skewness and kurtosis. The skewness is a measure of the distribution’s symmetry
and the kurtosis is a2 measure of the distribution’s peakedness.

The k’th moment is given by:

* NSIA . 1
m = Z (0,’—8‘) Xm

i=1
where §; is the average value (first moment) for that parameter.The skewness g; is

given by

(C.2)

B2 = —3 (C.3)

and the kurtosis
my
B = r—nz (C.4)
An estimate of the parameter’s bias can be obtained from the first moment. It
is simply the difference between the assumed true parameter’s value and the mean

obtained from the simulations. The bias
Bias(8;) = 6; — m (C.5)

can also be expressed conveniently as a percent bias. This mea.suz"e can be tested
for significance using the true asymptotic variance of the parameter, given by the
’th element of the variance-covariance matrix of Section 2.3. The bias corresponds
to an epproximate standard normal deviate of |
bias(8;)

Yar(U;)

8:
1000

stdnormdev = (C.6)



.

APPENDIX C. RATKOWSKY’S MONTE CARLO SIMULATIONS 125

This value can be compared to a ¢ distribution for significant bias at the /2 level.
For significant bias:

Probability < 0.05 for | stdnormdev | of > 1.960 (C.7)

Probability < 0.01 for | stdnormdev | of > 2.576 (C.8)

The asymptotic variance is also used to test whether the sample variance is sig-
nificanily in excess of the minimum variance of a linear model. If the model under
study is nearly linear then the parameter variance estimates from the simulation
study should be similar. If the model is nonlinear then the parameter sample vari-
ance will be greater than that obtained from the variance-covariance matrix. The
sample variance can also be expressed as a percent excess variance. The statistic

2 _ (93::)((_;"‘ )_3) (C.9)
is distributed as chi-square with 999 degrees of freedom and can be transformed so

as to be closely approximated by the standard normal distribution by

Z = /2x% — \/2(999) — 1 (C.10)

which is compared to the normal distribution for significant excess variance:
Probability < 0.05 for Z > 1.960 (C.11)

Probability < 0.01 for Z > 2.576 (C.12)

The skewness for & normal distribution is zero and the sample skewness can be
tested for non-normal behavior. For a large sample size the skewness is approx-
imately normally distributed as N(0, wor57) For NSIM = 1000 the skewness is
tested for significance as

Probability < 0.05 for | g, |> 0.152 (C.13)
Probability < 0.01 for | g; |> 0.200 (C.14)
The kurtosis is three for a normal distribution, hence the excess kurtosis is defined
as:
g1= -3 (C.15)
m

2



APPENDIX C. RATKOWSKY’S MONTE CARLO SIMULATIONS 126

which can be tested for significance as:

Probability < 0.05 for | g |> 0.304 (C.16)

Probability < 0.01 for | g, [> 0.399 (C.17)

Ratkowsky also used histograms to depict the frequency of occurrence of the pa-
rameters obtained in the simulation study. While the histograms are a good visual
aid, the statistics described are much more reliable and accurate. A difficulty arises
in using the sampling properties. The analyst is presented with four statistics. The
question is: what if all the statistics are not significant? Is a case of significant
bias more serious than one of significant excess variance or skewness? Presumably
if even one statistic is significant then the parameter must be assumed to hehave
non-normally. The FORTRAN VS routines needed for the simulation studies are
included in Appendix E and have been taken from Ratkowsky [3].



Appendix D

Models and Data Sets

D.1 Ayen and Peters, Reduction of NO to NH;

T™NH

kKg, Ph,

b {1+ Kg,Pg, + K~xoPro)

Temp k % Bies | Kno | % Bias Ky, | % Bias | ¥R | TR
425. 3.014x%10-* 1.28 11.87 4.01 18.9 3.21 $.22 | 59.3
400. | 4.456x10-4 21.34 10.66 1.84 5.18 5.59 0.24 | 434.4
375. | 7.178x10-5 13.02 | 11.65 | 27.19 20.5 28.67 0.54 | 128.2

Table D.1: Summary of parameter estimates, Box’s bias and the Bates and Watts

relative curvatures.

127




APPENDIX D. MODELS AND DATA SETS

TEMP | &k | Kno | Ky,
425 | 0.000 | -0.046 | -0.176
-0.046 | -0.024 | 1.672
-0.176 | 1.672 | 12.822
0.000 | -0.012 | -0.012
-0.012 | -0.103 | -0.072
0.000 | -0.072 | 0.472
0.000 | 0.000 | -0.012
0.000 | -0.021 | -0.077
-0.012 | -0.072 | 0.472
400 | 0.000 | -0.026 | -0.778
-0.026 | -0.028 | 1.826
-0.778 | 1.826 | 108.6
0.008 | -0.014 | -0.000
-0.014 | -0.085 | 0.202
0.000 | 0.202 | -0.037
0.000 | 0.000 | -0.014
0.000 | -0.011 | -0.084
-0.014 | -0.064 | 0.348
375 | 0.000 |-0.102 | -0.573
-0.102 | -0.093 | 2.815
-0.573 | 2.815 | 31.66
0.000 | -0.046 | 0.000
-0.046 | -0.188 | 0.640
0.000 | 0.640 | -0.087
0.000 | 0.006 | -0.048
0.000 | -0.073 | -0.189
0.000 | -0.189 | 1.321

Table D.2: Parameter sffecis portion of the acceleration array, AT.
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Parameter | Temp | % Bias | % Excess | Skewness | Excess
°c Variance Kurtosis

k 425. 1.06** 16.1* 0.99** 1.93*
Kno 425, | 3.21* 8.8 0.80°* 111
KH: 425. § 13.49** 11.8°* 0.75** 0.94°*
k 400. 27.3* 597.* 6.92°* 81.0°*
Kno 400. | -0.437¢ 7L -1.44°° 6,29
KH: 400. 3.78** -2.88™ 0.58** 0.50**
k 375. 36.3** | 18675.** 26.7 762,*°
Kno 37s. 59.4** 1076.°* 8.78°* 116.2**
KH-_. 375. | 57.6%» 1130.** 10.8** 176.1**
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Table D.3: Summary of results of Ratkowsky’s Monte Carlo simulations, ns not
significant, * P< 0.05, *x P< 0.01.
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DATA # | RATE OF REACTION | pNO pH: TEMP

(gmole NO/g.cat.min) atm atm 8C
1 0.0000176 0.0500 | 0.00474 425,
2 0.0000414 0.0500 | 0.01380 | 425.
3 0.0000768 0.0500 | 0.02900 425.
4 0.0000971 0.0500 | 0.04000 425.
5 8.0001140 0.0500 | 0.05000 425.
6 0.0001267 0.0269 | 0.05000 425,
T 0.0001241 0.0302 | 0.05000 425.
8 0.06001153 0.0387 ) 0.05000 425.
1 0.0000116 ¢.05000 | 0.00659 400.
2 0.0000186 0.05000 | 0.01130 | 4oo0,
3 0.0000310 0.05000 | 0.02280 400.
4 0.0000414 0.05000 | 0.03110 400,
3 0.0000516 0.05000 | 0.04020 | 400.
6 0.0000658 0.05000 | 0.05000 { 400.
7 0.0000872 0.00696 | 0.05000 400.
8 0.0000822 0.01600 | 0.05000 400.
9 0.0000835 0.01530 | 0.05000 | 400.
10 6.0000740 0.02700 | 0.05000 | 400.
11 0.0000693 0.03610 | 0.05000 400.
12 0.0000879 0.04320 | 0.05000 | 400.
i 0.0000135 0.05000 | 0.00922 375.
2 0.0000105 0.05000 | 0.01360 | 375.
3 0.0000136 0.05000 | 0.01970 375.
4 06.6000169 0.05000 | 0.02800 { 375.
5 0.0000189 0.05000 | 0.02910 375.
8§ 0.0000223 0.05000 { 0.03880 375.
7 0.0060278 0.05000 | 0.04850 375.
8 0.0000338 0.00918 | 0.05000 J75.
9 0.0000333 0.01840 | 0.05000 375.
10 0.0000318 0.02980 | 0.05000 375.
11 0.0000299 0.03780 | 0.05000 375.
12 0.0000300 0.04810 | 0.05000 375.
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Table D.4: Original experimental data of Ayen and Peters for the reduction of NO

to NHg.
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D.2  Juusola, Oxidation of O-Xylene

"= [£.Co + 7E,Cy)

kak,CoC.

Temp k. % Bias k, % Bias | T¥R | TR
300 | 8.546x1073 | 0.76 | 3.604x10-*| 0.15 0.13 | 321
290 | 8.937x10-3 | 0.830 { 2.027x10~*! .20 0.18 | 2.86
270 | 4.062x1073 | 0.31 | 6.627x10-3 ) 0.08 | 0.0018 | 1.05
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Table D.5: Summary of parameter estimates, Box’s bias and the Bates and Watts

relative curvatures.
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TEMP k, k,

300 0.016 | -0.116
-0.116 | 0.814

0.005 | -0.035

-0.035 [ 0.246

290 0.017 | 0.109
0.109 | 0.721

-0.005 | -0.034

-0.034 | -0.226

270 0.011 | 0.047
0.047 | 0.213

-0.006 | -0.028

-0.026 | -0.115

Table D.6: Parameter effects portion of the acceleration array, AT.
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Parameter | Temp | % Bias | % Excess | Skewness | Excess
°C Variance Kurtosis
| 300. 1.19* 2.8gns 0.67°* 0.88°**
ks, 300. | 0.09™ -4.8™ 0.15™¢ 0.03™*
| A 200, | 0.53™ 7.36™ 8.68*° 0.93**
k, 290. 0.53*° 1.2gn 0.25** 0.01°*
k. 270. | 0.16™ -0.67"* 0.26°* 0.20™*
k, 270. | 0.24™ 1.75™* 0.0 0.07n
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Table D.7: Summary of results of Ratkowsky’s Monte Carlo simulations, ns not
significant, * P< 0.05, »+ P< 0.01.
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DATA | RATE OF OXIDATION | O-XYLENE O, NBAR | TEMP
(gmole/g.cat.sec) x108 mmol/L | mmol/L fi °C

1 5.43 1.91 50.7 2.23 300.0
2 3.61 1.87 50.2 2.23 300.0
3 5.60 1.92 50.5 2.23 300.0
4 5.78 1.88 50.6 2.23 300.0
. 5 5.42 2.01 50.0 2.2 300.0
6 1.97 3.50 10.0 2.23 300.0
7 5.59 2.02 56.5 2.23 300.0
8 4.14 3.49 30.6 2.23 300.0
9 4.67 1.98 50.2 2.23 300.0
10 4.68 2.01 50.+4 2.23 300.0
i1 9.33 2.45 100.7 2.23 300.0
12 5.09 1.87 49.9 2.23 300.0
i3 9.55 2.53 100.0 2.23 300.0
14 6.50 3.46 49.6 2.23 300.0
15 5.02 2,53 100.0 2.23 300.9
i6 5.32 1.99 50.2 2.23 300.0
17 5.52 3.57 39.9 223 300.0
18 1.84 1.96 10.7 2.23 300.0
19 6.63 3.53 49.9 2.23 300.0
20 4,09 1.00 50.3 2.23 300.0
21 8.31 2.05 90.6 2.23 300.0
22 3.286 1.99 25.1 2.23 300.0
23 5.80 277 49.9 223 300.0
1 4.08 2.01 57.0 2.23 290.0
2 3.80 2.01 55.2 223 280,0
3 3.20 2.02 55.1 2,23 290.0
4 3.88 1.86 55.1 2.23 290.0
5 37 2,02 55.4 2.23 290.6
1 3.68 1.99 55.3 2.23 290.0
7 0.630 0.51 10.8 2.23 290.0
8 3.33 0.99 70.7 2.23 290.0
9 3.22 1.97 55.4 2.23 280.0
10 4.13 3.51 60.5 2.23 290.0
11 3.4 2.02 553.2 2.23 290.0
12 5.43 1.89 100.8 2.23 290.0
13 .72 2.00 55.2 2.23 290.0
14 2,29 0.49 60.3 2.23 280.0
15 5.3 2.01 100.0 2,23 280.0
18 4.90 1.51 101.0 2.23 2%0.0
17 5.95 3.54 80.5 2.23 290.0
18 3.52 1.99 55.2 2.23 250.0
19 224 1.98 249 2.23 290.0
20 1.58 0.49 57.1 2,23 290.0
21 4.63 3.47 55.5 2,23 290.0
22 3.70 2.74 54.9 2.23 290.0
3 2.58 0.95 55.4 2.23 290.0
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DATA | RATE OF OXIDATION | O-XYLENE Os NBAR | TEMP
(gmole/g.cat.sec) x 108 mmol/L | mmol/L i °c
1 1.14 2.00 50.4 2.41 270.0
2 117 2.00 50.5 2.41 270.0
3 2.30 3.51 101.0 2.41 270.0
4 1.21 0.49 16l1.0 2.41 270.9
5 1.18 2.00 50.2 2,41 270.0
6 1.08 0.50 103.0 2.41 270.0
7 2.30 3.61 104.0 241 270.0
8 1.20 1.90 49.9 2.41 270.0
9 1.27 0.50 101.0 2,41 270.0
10 1.15 0.50 101.0 2.41 270.9
11 2.45 3.51 100.0 2.41 270.0
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Table D.8: Original experimental data by Juusola for the oxidation of O-xylene.
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D.3 Jaswal, Oxidation of Benzene

_ knerO C.
"= RaCo + 1,y (D-1)
Temp ke % Bias k, % Bias | T¥R | TTR

400 | 2.487x10~3 | 2.53 | 5.503x10-%| 6.26 | 0.42 { 322
375 | 1.127x10~3 | 0.69 | 3.043x10~% | 0.07 | 0.24 | 1.18
350 | 5.570x10-* | 2.27 | 1.423x10-*| ©0.13 | 0.34 | 2.92

Table D.9: Summary of the parameter estimates, Box’s bias and the Bates and
Watts relative curvatures.
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TEMP

k,

400

0.029
-0.096

0.011
-0.077

-0.096
0.721

-0.077
0.390

375

0.032
-0.050

0.016
-0.070

-0.050
0.220

-0.070
0.195

350

0.032
0.091

-0.014
-0.087

0.091
0.593

-0.087
-0.388

Table D.10: Parameter effects portion of the acceleration array, AT,
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Parameter effects portion of the acceleration array, AT

Parameter | Temp | % Bias | % Excess Skewness | Lxcess
oc Variance Kurtosia

ke 400, 2,47 13.47* 0.95°* 2.62*

k, 109, 0.80 9.38** 3.535*° 0.35"

ke 375. 0.49n -1.43n¢ 0.18* 0.06™*

k, 375. 0.65°* 1.68n¢ 0.23* 0.0

k. 350. 1.94°* 7.99n 0.70°* 1.21°

k, 350, 0.87™ 5.43n 0.36°* 0.46°**

Table D.11: Summary of results of Ratkowsk:
significant, » P< 0.05,

i

38

y’s Monte Carlo simulations, ns not
== P< 0.01.
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DATA # | RATE OF REACTION BENZ 02 NBAR | TEMP
(gmole/g.cat.min)x10% | (gmol/L)x10% | (gmol/L)x 104 i oc
1 429.0 16.0 159.1 6.1 400.0
2 475.0 23.5 20.0 8.1 400.0
3 1129.0 132.8 20.0 6.1 400.9
4 957.0 107.7 20.0 6.1 400.0
5 745.0 68.5 20.0 6.1 400.0
6 645.0 47.2 19.7 6.1 400.0
7 742.0 42,5 20.3 6.1 400.0
8 662.0 30.1 20.0 6.1 460.0
9 373.0 11.2 20.0 8.1 400.0
16 440.0 171 20.0 6.1 400.0
11 662.0 65.8 20,0 6.1 400.0
12 724.0 108.2 20.0 6.1 400.0
13 915.0 123.5 20.0 6.1 400.0
14 314.0 160.0 20.0 6.1 400.0
15 713.0 66.4 20.0 6.1 400.¢
16 736.0 88.5 20.0 8.1 400.0
1 229.0 21.3 20.0 5.7 375.0
2 206.0 40.8 20.0 5.7 375.0
3 547.0 140.3 20.0 5.7 375.0
4 582.0 140.8 19.9 5.7 375.0
5 480.0 141.2 20.0 5.7 375.0
8 493.0 140.0 19.7 8.7 375.0
7T 513.0 121.2 20.0 5.7 375.0
8 411.0 104.7 18.7 5.7 375.0
9 345.0 40.8 20.0 5.7 375.0
10 226.0 22.8 20.0 5.7 375.0
11 338.0 55.2 20.0 5.7 375.0
12 351.0 55.4 20.0 5.7 375.0
13 295.0 29.5 20.0 5.7 375.0
14 254.0 30.0 20.0 5.7 375.0
15 233.0 16.3 20.0 5.7 375.0
16 222.0 16.5 20.0 5.7 375.0
17 188.0 20.4 12.5 5.7 375.0
18 231.0 20.5 16.6 5.7 375.0
19 239.0 20.8 20.0 5.7 375.0
20 301.0 21.3 3a.0 5.7 375.0
21 252.0 19.6 43.3 5.7 375.0
22 217.0 20.8 20,0 5.7 375.0
23 276.0 20.5 30.0 5.7 375.0
24 487.0 20.3 42.7 5.7 375.0
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DATA # | RATE OF REACTION BENZ 02 NBAR | TEMP
(gmole/g.cat.min)x 102 (gmol/L)x10* | {gmol/L)x 104 i °C
1 218.0 134.5 18.1 5.5 350.0
2 189.0 108.0 20.0 5.5 350.0
3 192.0 8.6 19.9 5.5 350.0
4 152.0 49.5 20.0 5.5 350.0
3 152.0 41.7 20.0 5.5 350.0
] 139.0 29.4 19.9 3.5 350.0
T 118.0 22.5 20.0 5.5 350.0
8 120.0 17.2 19.9 5.5 350.0
9 122.0 17.0 19.7 5.5 350.0
10 132.0 22.8 20.0 55 | 350.0
11 167.0 11.3 20.0 3.5 350.0
12 208.0 59.8 20.0 5.5 350.0
13 216.0 119.7 20.0 5.5 350.0
14 2840 158.2 20.0 5.5 350.0

Table D.12: Summary of original experimental data Jaswal for the oxidation of
benzene.
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D.4 Tan, Oxidation of Propylene

ki, Colc,

r=
(kaCo? + nk,C,)

Temp ka % Bias k, % Bias | [NR | TR
390 8.588x104 0.020 4.81Tx10-3 0.0%0 0.08 | 0.73
375 7.27TTx10~4 0.091 3.159x103 0.27 0.12 | 1.40
350 5.180%104 0.075 1.645%10™3 0.11 0.06 | 1.14
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(D.2)

Table D.13: Summary of parameter estimates, Box’s bias and the Bates and Watts

relative curvatures.
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TEMP

ko

390

0.005
-0.031

0.002
-0.013

-0.031
0.176

-0.013
0.073

375

0.014
0.069

-0.005
-0.028

0.069
0.340

-0.026
-0.128

350

0.014
0.063

-0.004
-0.017

0.063
0.283

-0.017
-0.077

Table D.14: Parameter effects portion of the acceleration array, AT,
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Parameter | Temp | % Bias | % Excess | Skewness | Excess
oC Variance Kurtosis
| 3 390. 0.09* -2.58™ -0.00n* -0.21n
k, 350. | -0.04™ -8.64™1 0.25** -0.11m¢
| 375, 0.14n¢ 5.69n¢ 0.20°** 0.0gns
k., 375. 0.50** 5.28™ C.26* -0.17™
ko 350. 0.14n 2.84™ 017 0.23n
k. 350. 0.18n* 4.7Q™ 0.21m 0.13~*
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Table D.15: Summary of results of Ratkowsky’s Monte Carlo simulations, ns not
significant, * P< 0.05, »« P< 0.01.
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DATA # | % CONV | PROP 02 FLOW | NBAR | TEMP
mmol/L | mmol/L | c¢/min fi C
i 3.53 2.82 3.66 580.9 2,07 390.0
2 3.40 2.79 2.96 577.2 2.07 390.0
3 3.82 3.02 6.12 566.4 2.07 390.0
4 3.96 3.07 7.32 566.7 2.07 390.0
5 4.69 1.36 7.52 566.2 2,07 3%0.0
4] 3.88 1.31 1.12 875.1 2.07 3g0.0
T 1.47 1.42 TA4T 565.7 2.07 390.0
8 3.48 2.72 3.48 585.1 2.07 390.0
9 2.06 6.86 2.86 567.1 2.07 390.0
10 2.09 7.13 2.89 581.3 2.07 350.0
11 4.57 1.32 T.48 563.0 2.07 390.0
12 221 7.09 3.27 561.5 2.07 390.0
13 3.59 2.88 3.76 976.1 207 390.0
14 +.72 1.33 7.84 365.4 2.07 390.0
15 2,02 7.14 3.22 578.5 2.07 390.0
16 4.59 1.37 7.89 586.7 2.07 390.0
17 3.32 5.39 7.25 559.6 207 390.0
18 4.21 1.31 2,90 570.5 2.07 390.0
19 3.56 2,74 3.54 570.6 2.07 350.0
20 3.94 2.89 7.48 569.8 2.07 390.0
21 1.36 5.29 7.23 562.5 2.07 390.0
1 2.59 2,94 2.98 552.4 2.35 375.0
2 3.22 1.35 3.06 568.9 235 375.0°
3 1.57 3.04 1.19 563.4 2,35 375.0
4 2.60 2.90 3.70 562.7 2.35 375.0
5 219 4.14 3.03 554.5 2,35 375.0
6 2.83 2.89 3.76 565.3 2.35 375.0
7 2.77 2.99 6.23 562.2 2.35 375.0
8 2.54 2.85 3.03 564.1 2.35 375.0
8 2.47 5.46 7.46 546.5 2,35 375.0
10 3.79 1.39 7.67 554.9 2,35 375.0
11 J.oa 1.34 1.15 562.1 235 375.0
12 2.52 2.73 3.02 587.7 2.35 375.0
13 3.90 1.46 7.85 552.2 2.35 375.0
14 3.60 1.39 7.56 559.9 2.35 375.0
15 3.83 1.33 7.49 553.8 2.35 375.0
16 3.63 137 7.75 545.2 2.35 375.0
17 1.22 7.02 2,83 554.3 2.35 375.0
18 2.52 2.89 2.91 580.8 2.35 375.0
19 1.24 7.30 2.96 547.8 2.35 375.0
20 3.62 1.35 7.68 549.5 2,35 375.0
21 3.01 3.15 7.52 551.3 2.35 375.0
22 2.44 2.75 2.93 5687.1 2.35 375.0
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DATA # | % CONV | PROP 02 FLOW | NBAR | TEMP
mmol/L | mmol/L | ec/min it C
1 1.47 3.05 3.07 3334 2.78 350.0
2 213 137 3.18 348.1 278 350.0
3 0.960 3.17 1.24 540.8 2.76 350.0
4 1.55 3.02 3.85 540.9 2.76 330.0
5 1.00 4.31 3.15 532.9 2.76 350.0
6 1.60 2.78 3.89 546.68 2.76 350.0
7 1.64 i 6.48 540.5 2,76 350.0
8 1.45 2.96 3.13 544.6 2.78 350.0
9 1.55 2,84 3.14 546.2 2.76 350.0
10 2.45 1.45 7.93 534.1 2.78 350.0
11 2.38 1.58 7.79 533.0 2.76 350.0
12 2.55 1.42 8.03 525.9 2.76 350.0
13 2.44 1.49 7.78 528.7 2.76 350.0
14 1.37 3.01 3.03 557.4 2.76 350.0
15 2.45 1.35 8.00 527.7 2.78 350.0
18 2.39 1.52 8.22 541.5 2.78 350.0
17 1.00 5.85 6.13 543.2 2.78 350.0
i8 134 1.48 8.41 §51.0 2.76 350.0
19 117 5.68 1.75 525.8 2.78 350.0
20 2.07 1.38 3.10 535.0 2.76 350.0
21 1.72 1.42 1.25 546.2 2.78 350.0
22 1.78 J.18 7.89 536.7 2.76 350.0
23 1.42 2.87 3.06 543.9 2.78 350.0
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Table D.16: Summary of original sxperimental data by Tan for the oxidation of

propylene.



Appendix E

Fortran Code for Nonlinear

Regression

The following is an example of an exec file which compiles, defines input and out-
put files, runs and then displays the result file for the program which performs a
nonlinear regression on the model defined in SUBROUTINE EVAL. The program
is run by typing EX1 filename. EX1 is the name of the exec, filename is the name
of the program. Filename is the argument &1 in the exec. As such the input data
for the program is found in a data file called filename DATA. Results are written
to a file called filename RESULT. This program should be run by this method
only to perform a nonlinear regression and obtain measures on nonlinearity for
that model/data set. If experimental designs are to be simulated then the program
should be run in batch mode. This will allow the user to work on other tasks,
run the program faster and make use of the lower computing costs usually available

when running programs in batch mode. Computing costs can run high when a large

' number of experiments and/or a large operating region are used. Actual CPU run

times vary greatly, from ~50 sec (for a set of simulations with the Juusola data set)

to ~600 sec (for a set of simulations with the Ayen and Peters data set).

¥MFCLEAR

GLOBAL TITLIB VLNKNLIB VFORTLIB CMSLIB IMSLDLIB LINPACK PLOTLIB TSOLIB
FORTVS k1

FILE 6 DISK XY DATA » (LRECL 80 BLKSIZE 80 RECFM F PERM
FILE 7 DISK GD DATL =
FILE 8 DISK k1 DATA »

FILE ¢ DISK PE DATA » (LRECL 80 BLKSIZE 80 RECFM F PERN
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FILE 10 DISK DOPT DATL » (LRECL 80 BLKSIZE 80 RECFM F PERM
FILE 11 DISK SSE DATA = (LT2CL 8¢ BLKSIZE 80 RECFM F PERM
FILE 6 DISK &1 RESULT & (PERM RECFM F LRECL 132

LOAD &1 (CLZLAR START

XEDIT ki RESULT &

The following is a example of a data file that is to be read by the FORTRAN
program of the same name which performs the nonlinear regression and simulates
an experimental désign. Explanations of the entrys are self explanatory. The de-
scriptions preceded by an (I) are integer arguments, DSEED is the only double
precision entry, the remainder being real. The first two lines are read as titles and
used to identify the model/data set used, and the type of simulation performed, if
any. In the next line the single quotes represent the limits of the columns of the
original data and that of the designed runs. Descriptions of the output should be
centered within the quotes. The next two lines are headers for the original data in
the output file, the response being the second column. The sixth line is the header
for the designed run locations, the simulated response is not included in this output,

only the operating variables.
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APPENDIX E. FORTRAN CODE FOR NONLINEAR REGRESSION

TAN, PROPYLENE OXIDATION, ISOTHERMAL,
MCDEL FORM MO, 360 ¢, PEC-S

) ¥ ) 3

DATA # RATE OF REACT BENZ 02 NBAR
(gmole/g.cat.min)E10 (gmol/L)E4 (gmol/L)E2

RUH # x1 x2 x3 x4

1 (I) 1 WILL GIVE 4 STOCEASTIC SIMULATION, 0 A CORTROL SIMULATION
12 (I) IS THE WUMBER OF DATA POINTS
3 (I) IS THE NUMBER OF PARAMETERS IN THE MODEL
0.0004 IS THE INITIAL ESTIMATE FOR PARAMETER 1
10.00 IS TER IEITIAL ESTIMATE FOR PARAMETER 2

10.00 IS THE IRITIAL ESTIMATE FOR PARAMETER 3
1.0000 IS THE SCALING FACTOR FOR THE RESPONSE

5 (I) IS THE NUMBER OF VARTABLES
1.000 IS A SCALING FACTOR FOR I1 IE I1=Xi#Y1FACTOR
1,000 IS 4 SCALING FACTOR FOR X2 IE X2=Y2«X2FACTCR

1.000 IS 4 SCALING FACTOR FOR X3 IE X3=X3X3FiCTOR

1.000 IS A SCALING FACTOR FOR I4 IE X4=X4#X4FACTOR

1.000 IS A SCALING FACTOR FOR I5 IE XG=X5eXEFACTOR

1.0E-4 1S TEE TOLERANCE FOR CONVERGENCE (CHANGES IN PARAMETERS)
1.64421D IS i DSEED NUMBER OF THE FORM 1.23458D8 TO GENERATE RANDOM 2°'S

10 (I) IS THE NUMBER OF RUNS TO BE DESIGYNED {ZERO IS VALID)
144 (I) Is THE NUMBER OF POINTS TO BE SEARCHED FOR DESIGYED RUNS
0 (1) IF RATKOWSKY'S SIMULATION DESIRED ENTER 1 ELSE ENTER 0
0.95 IS THE LEVEL QF SIGNYFICANCE TFOR THE F STATISTIC

209 (I) MAX HUMBER OF ITERATIONS FOR SGLVE

11111 (I) IF THE JOB CARD CONTROLLING OUTPUT FROM SOLVE

76 (I) MAX WUMBER OF ITERATIONS FOR BATES

00111 (I) J0B CARD CONTROLLING QUTPUT FROM BATES

1 (I) DESIGN CRITERION 0 FOR AUTO CURVATURE CHDICE

1 FOR FORCED PE CURVATURE CRITERION
2 POR FORCED IN CURVATURE CRITERION
3 FOR FORCED PI CURVATURE CRITERION
4 FOR FORCED D-OPT CRITERIOR

b FOR FORCED SUM OF SQUARES OF BIASES

148

TEMP

xb

The following program is largely as found in Ratkowsky (3] and was originally
entered by Mr. Rafael Diaz, to whom I am grateful for supplying a copy of the

program. I have modified the original program in several ways :

¢ The main program now reads parameter estimates, number of points and such

from a data file of the same name as the fortran file.

¢ The major modification was to allow simulation of designed experiments. The
design criterion for determining the optimum operating variables is specified

in the file &1 DATA.

¢ The intrinsic and perameter effects curvature are the maximum converged
curvatures obtained after using the p unit vectors as starting values for the

vector DIR in the subroutine BATES.
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CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC

c

c FILE 8 MUST HAVE LRECL = 132 (LOGICAL RECGRD LENGTH)

c

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC

up
EPTS
LOROUT
DIRET

F

S
PECUB
INCOB
PECH
INCH
DOPTM
DETM
BIAS
BIS
BISM
58

SA
SSP
SAP
550
510

nonnnnnnnnnnnnnonnnononnnnnnnnonnnnanononnnnnnnnnnn

NUMBER OF MODEL PARAMETERS

NUMBER OF OBSERVATIONS IN THE ORIGINAL DATA SET
NUMBER DEfINING WRITE FILR

JOB CONTEOLLING OUTPUT OF DIREC FROM ROUTIKE BATES

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC

Y ARRAY USED TD STORE THE RESPONSE VARIABLE

PARAY ARRAY USED TO STORE TEE PARAMETER ESTIMATES

PiAR ARBAY USED TO STORE TEMPORARY PARAMETER ESTIMATES

VARC ABRAY USED TO STORE THE VARIANCE-COVARIANCE MATRIX

DERIVS  ARRAY USED TO STORE THE FIRST DERIVATIVES

DRIVS ABRRAT USED TO STORE THE FIRST DERIVATIVES

DRIVT ARBAY USED TO STORE TEE FIRST DERIVATIVES

i ARRAY USED TG STORE THE SECOND DERIVATIVES AND THE
ACCELERATION ARRLY

QRATUXL ARRAY USED TO STORE THE VARIANCE-COVARIANCE MATRIX

DIREC STORAGE FOR CONVERGED VECTOR DIR FOR THE INC AND PEC

WK1 TEMPORARY WORK ARRAY

WK2 TEMPORARY WORK ABRRAY

T TEMPORARY WORK ARBAY

WK TEMPORARY WORK ARRAY

STMATE  STORAGE OF PARAMETER ESTIXATES FROM RATHOWSKY’S 5IM

STORE STORAGE OF THE I¥ AND PE CURVATURES FOR EACH STIRTING
VECTOR DIR AND THE MAXINUM CURVATURE

11,X2,I3,14,X6,X6,17

STORAGE OF TEE OPERATING VARIABLES FOR TEE ORIGINAL
DATA AND DESIGNED RUNS

XiM,X2M,X34,X4M,I5H , X6M ,X7H

STORAGE OF THE DESIGNED RUN LOCATIONS

ARRAY CONTAINIYG F STATISTIC

ARRAY CONTAINING TEST STATIC FOR SIGENIFICANT CURVATURE
STORAGE OF OBTAINED PEC AFTER EACH RUR

STORAGE OF OBTAIKED INC AFTER BACE RUX

STORAGE OF PREDICTED PEC AT TEE DESIGKED RUE LOCATION
STORAGE OF PREDICTED INC AT THE DESIGNED RUN LOCATION
PREDICTED YOLUME OF THE CONFIDERCE REGION

OBTAIEED VOLUME OF THE CONFIDENCE REG:ON

TENPORARY STORAGE OF BOX'S BIAS

PREDICTED BIAS AT EACH NODE OF GRID SRARCH

OBTAINED BIAS FOR EACH PARAMETER FOR EACH RUN
STORAGE OF SUM OF SQUARES OF BIASES FOR DESIGNED RUNS
STORAGE OF SUM OF ABSOLUTE OF BIASES FOR DESIGNED RUNS
STORAGE OF PREDICTED SSB FOR EACH AUE

STORAGE OF PREDICTED SAB FOR EACE RUF

STORAGE OF DBTAINED SSB FOR EACH RUN

STORAGE OF OBTAINED SAB FOR EACH RUN

PREDICTED RESPONSE (DETERMINISTIC COMPONENT)

RANDOX ¥(0,1) NUMBER USED TO GENERATE RER

STOCEASTIC COMPONENT OF THE PREDICTED RESPOKSE
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APPENDIX E. FORTRAN CODE FOR NONLINEAR REGRESSION

OO0 000Ga0

0001

9002

9003

1000
8004

THTE PREDICTED RESPONSE (STOCHASTIC I.E. YET + RER)

PARM STORAGE OF THE PARAMETER ESTIMATES AFTER EACE DESIGXED
RON

ViRM VARIANCE ESTIKATE FOR EACE DESIGKED RUN

DOPTM PREDICTED VOLUME OF THEE CONFIDENCE REGION

DETNM OBTAINED VOLUME OF TEE COEFIDENCE REGION

STDER STANDARD ERROR, APPROXIMATE MEASURE OF PARAMETER PRECI

LCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC

DOUBLE PRECISION DSEED
INTEGER Jpvr(a).Lunuur.nprs.np.nxrs.nn1,I.J.Jon,nszn,ns,
+ IPiIL,Z,W,HSERC,SHM,P,JOB3,00T,D, NPT,
*+ MINPE,MINPI,MININ,MINVOL,LOC,DES(30),DIRET,XK,II,N0CON
REAL Y(GO),PLRAH(G),PLR(B).VARB(G.G),DEBIVS(QQO),1(9999).QRAUI(6),
+ 331(21).uxz(aosn),n:rr(eao).n:xs(u).s:axrz(:ooo.&).
+ xrx(s.a).1111(3.3).1(5,0),wx(e,a),nn:vs(soa.s).naxvr(a.geej,
+ xiacon),xzx(oo).xau(oo).an(so}.xsu(on).xeu(oo),x7u(99).xs(7),
+ !ET(QD),!BTE(OB).REB(OD).RHH(GB).PiRH(BO.G).G(l).
+PBCDB(DD).IHCUB(GD).IICH(DB),PECH(QB),VAEH{QB).DETH(DB),DOPTH(BB).
+ ss(sao).51(999).515(999,4).Bxsu(999.4).ssp(99).sap(en).
+ 550(98),540(99),
+ corxc(a),srnxn(ao.z).nrnzc(e),F(se).s(es).srunz(sog.z.T).
+ IH,IL,NBAR,LOW
CEARACTER+130 TITLE1,TITLE2,TITLE3
COMMOR X1(99),X2(69),X3(80),X4(90),X5(99),X8(99) ,X7(99)
DATA LUNGUT/G/
READ(8,9001) TITLEL
YRITE(6,9001) TITLEL
READ(8,8001) TITLE1
WRITE(8,9001) TITLE1
READ(S,9001) TITLE1
READ(8,9001) TITLE1
READ(8,9001) TITLE2
READ{8,9001) TITLE3
FORMAT(1130)
WRITE{®,») *
READ(B,*) ISTOCH
WRITE(6,») 1 WILL GIVE A STOCHASTIC SIMULATIOF, O WILL GIVE &
+CONTROL SIMULATIOR!?
WRITE(6,*) *WITH CONSTANT PARAMETER AND VARTANCE ESTIMATES’ ,ISTOCH
READ(8,*) NPTS
WRITR(6,9002) NPTS
FORMAT(1E ,° HUMBER UF POINTS
READ(8,*) NP
WRITE(S,9003) NP
FORMAT(1H ,* NUMBER OF PARAMETERS
ND1=NP
DO 1000 I=i, NP

READ(8,*) PARAN(I)

WAITR(6,9004) I,PARAM(I)
FORMAT(1E ,!? INITIAL GUESS FOR TEETA’,I1,? = ?,G12.8)
READ(S8,*) YF
WRITE(&,*) 'SCALING FACTOR FOR THE RESPONSE:®,
READ(8,=) NUMIF
WRITE(®,9005) NUMIP

1t

', I3)

', I13,/)
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8005

1010
S006

8009

9010

8011

9012

8013

9014

90156

9018

9017

9018

9020

1100

633

FORMAT(1H ,/,1H ,! NGMBER OF VARIABLES = *,I2)
DD 1010 I=1,HUMXF

READ(8,+) XF(I)

WRITE(6,5008) I,XF(I)
FOBMAT(1E ,? SCALING FACTOR FOR X',I1,’ = !,G12.6)
READ(8,*) ALPEA
WRITE(6,8008) ALPHA
FORMAT(1E ,° TOLERANCE FOR CONVERGENCE = ?,512.8)
READ(8,+) DSEED
WRITE(6,9010) DSEED
FORMAT{1E ,? DSEED FOR RANDOM ERRORS
READ(8,*) NSERC
WRITE(6,5011) NSERC

*,D18.8,/)

FORMAT(1H ,’ HUMBER OF RUNS TO BE DESIGNED = ?,I5)
READ(E,=) P

WRITE(8,9012) P

FORMAT(1H ,' SI1ZE OF DESIGN SURFACE = ?,IS,/)

READ(B,*) SMN
WRITE(6,9013) SMM
FORMAT(1E ,’ RATKOWSKYS SIMULATIONS? = *,IE)
READ(8,») PR
WRITE(6,5014) PR
FORMAT(1E ,° 1-ALPHA FOR SIGNIFICANCE = ’,F5.2)
READ(8,») ITS
WRITE(6,5016) ITS
FORMAT(1H ,°® MAX ITERATIONS FOR SOLVE = !,I5)
READ(S,*) J0OB1 '
YRITE({S,9016) J0OB1
FORMAT(1H ,? JOB CARD FOR SOLVE OUTPUT = *,IE)
HEAD(B,*) NITS
WRITE(6,9017) NITS
FORMAT(1H ,? MAX ITERATIONS FOR BATES = ’,I5)
READ(8,*) JOB2
WURITE(S8,9018) JOB2
FORMAT({1E ,°® JOB CARD FDR BATES OUTPUT
READ(8,=) IDESGN
WRITE(S,8020) IDESGN
FORMAT(14E ,° CHOICE OF DESIGN CRITERION = ’,I5,/)
NSERCS=NSERC
XPT=NPTS
Di=NP
D2=1
DO 1100 I=1,99
CALL MDFI(PR,D1,D2,FSTAT,IER)
F(I)=FSTAT
WRITE(8,») F(I)
D2=D2+1
CONTINKUE
WRITE(6,533) TITLE1
WRITE(A4,533) TITLE2
FORMAT(A80)
FBAR=0.0
DO 1200 I=1,XPTS
READ(B,+) X1(I),X2(I),X4(I),X3(I),X6(I),¥(I)
WRITE(S,534) I,¥(I),I1(I),X2(I),X3(I),X6(I)

',18,/)
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534 FORMAT(1H ,3X,13,51,8(2X,G12.5))
I1(I)=X1(I)»IF(1)
I2(I)=12(I)=IF(2)
X3(I)=13(I)=IF(3)
Xa(I)=X4(I)»IF(4)
XE(I)=XE(I}»IF(5)
16(1)=X6(I)*XF(6)
X7(I)=XT(1)*XF(7)
T(I)=Y(I)»F
1200 CONTIKGE
FBAR=FBAR/FLOAT(NPTS)
100 CONTINOR
WRITE(68,*) 'FBAR=? FBAR
2=NPTS-NPT
WRITE(S,*) 'REGRESSION FOR RON’,Z,'iFTER SEARCH?
cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc

LEAST SQUARES FONLINEAR REGRESSION

c

c

¢ -
¢ JOB 1 PARAMETER ESTIMATES AT EACE ITERTION

c JOB 2 PARAMETER ESTIMATES AT CONVERGENCE, STANDARD ERROR AND
c T-ViLUE

c JOB 3 PARAMETER VARIANCE-COVARTANCE MATRIX

¢ JOB 4 PARAMETER CORRFLATYONS

c JOB 6 RUX #, ACTUAL RESPONSE, PREDICTED RESPONSE AND RESIDUAL
c

c

ITS IS THE NUMBER OF ITERATIONS USED FOR THE CALL TO SOLVE
< IM THE SIMULATED RUNS QNLY, IE YOT I¥ TR MONTE CARLO SIMULATIONS
c
CCCCCCCCCCCGCCCCCCCCCCCCcCCCCCCCCCCCCCCCCCCCCCCCGCCCCCCCCCCCCCCCCCCCCC

IP(ISTOCH.EQ.1.0E.Z.EQ.0) THEY
CALL SDLVB(Y.PIRAH.ALPEL.ITS,NPTS.RP,NDi.LUHOUT.JDBi.

+ VLRC.RSS.IPLIL.DERIVS.QEJUI,JPVT.DIFF.Hxi)
VAR=RSS/FLOAT(NPTS-NP)

EED IF

RVAR=TiR

IF(Z.EQ.0) VARORG=ViR
IF(IFAIL.NR.0) THEN
WRITE(6,+) MR AL L L T L P
WRITE(S,+) 'SUBROUTINE SOLVE EAS CRASHED '
WRITR(8,+) 'GOUING TO WRITE STATEMENTS TO OUTPUT’
WRITE(8,+) 'RESULTS OBTAINED UP TO THIS POINT .°
WRITE(S,*) RS L LD 2 T LT T
GO TO o9
END IF
CALL DDD(NP.HPTS.EY!E.PLRAH.IFLIL.HKI.DET.ITI.ITII.DRIVS,
+DRIVT,T,WK,COFAC,IFLAG)
cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc
A

C CALCULATION OF BOX'S BIAS AKD BATES & WATTS CURVATURES

JOB 1 FIRST DERIVATIVES
JOB 2 SECOND DERIVATIVES (FIRST NP FACES ONLY)

JOB 3 FIAST P FACES OF THE ACCELEHATION ABRAY (PE PORTION)
JOB 4 BOX'S BIASES

aoanan
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c JOB 5 BATES & WATTS CURVATURES
c
c

CCCLELCLCCeCCCCetrrCoCCeCeeceleeCeCeCCCCCCCeClCCCCCeCCCLCCceeeeeeceee

c
o IF ISTOCH = 0 THEN THE VARIANCE IS RESET TO TEAT OBTAINED WITH
¢ THE INITIAL DATA. THIS IS OXLY DONE WITH CONTROL SIMULATIONS IN

C ORDER TO STUDY THE EFFECTS OF DESIGNED RUN LOCATIONS WITHOUT

C WORRYING ABOUT DIFFERENT PARAMETER AND VARIANCE ESTIMATES FOR TEHE
C DIFFERENT DESIGNS.

c

C

CCCCCCCCCCCCCrCCCCCCCCCClCeeCtCeCCCCCCeCCCCCCeCoeCLeCeCCerCrCrCCeee
IF{ISTOCH.2Q.0) THEN
VAR=ViRORG
RVAR=VARORG
END IF
DIRET=1
CALL BATES(PARAM,VAR,NITS,¥PTS,¥P,LUNOUT,JOB2,BIAS,IFAIL,
+ 4,DERIVS,VARC,QRAUX,WK1,%K2,IPVT,C1,C2,DIREC, DIRET,
+ STORE,K,¥0COXN)
IF(IFAIL.NE.O) THEW
WRITE(6,*) IFAIL,'FAILURE I¥ EXPT SIK’
IF(IFAIL.EQ.6) THEW
WRITE(6,*) 'ENDING SIMULATION!
G0 TO 969
END IF
END IF
IFAIL=0
CCCLCCCCCCLCCCCLeCCCCeoetlcctCCCCCreCeeCCCCeCerreecotecccccccceccecece
¢
€ TERIS IS RATKOWSKY'S MONTECARLO SIMULATION CHECKING FOR NON-HORMAL
C BEHAVIOUAR OF THE PABRAMETERS WITH SOME EXTRA OUTPUT FOR COMPARISON
¢ ‘I0 MEASURES FROM TEE NODRL ITSELF.
¢
CCCCCCCCOCCCCCCELCCCCCCCCCCCCCCCCeCCCCCCeilCCCCCCCCCCCCCCeCCCCececeee
IF{SMN.EQ.0) GO TO 200
HSIM=1000
JoB=1111
IF(NSI¥.GT.10) JOB=0
SD=SQRT(VAR)
II=0
DG 1300 I=1,NSIM
DO 1400 J=1,RP
PAR(J)=PARAM(I)
1400 CONTINUE
CALL GNRATE(PAR,SD,NPTS,LUNOUT,Y,WFAIL,DSEED)
CALL SOLVE(Y,PAR,ALPHA,ITS,NPTS,NP,ND1,LUNOUT,JOB,VARC,
+ RSS,IFAIL,DERIVS,QRAUX, JPVT,DIFF,WK1)
CLLCCCCCLeCCieCCoCteeetcCceCCCeeCeeeCeCCCeCCCCCeCceceeeccecececoeceee

WHEX USING BATKOWSKY'S MONTE CARLO SIMULATIONS, A GIVEE SET OF
RESIDUALS MAY RESULT IN A FAILURE OF CONVERGENCE. THIS WILL
USUALLY RESULT IN UNREALISTIC PARAMETER ESTIMATES. THE FOLLOWING
LINES OF FROGRAMMING ARR USED T0 CHECK FOR SUCH (CCURENCES.

TEE LIMITS OF ACCEPTABLE PARAMETER ESTIMATES SHOULD BE QGITE

oaoaonoaoo0n
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GEFEROUS (TIWO OR TEREE ORDERS OF MAGHITUDE). WEHEN A FAILURE TO
CONVERGENCE OCCURS THE SINULATIONS CONTINUE BUT TEE NUMBER OF

SIHULATIONS IS REDUCED.

THE PROBLEM GENERALLY OCCURS WITH HIGHLY NOFLINEAR DATA SETS.

TEIS CHECK CAN BE BYPASSED FOR MOST CASES.

c
C
c
C
C
¢
cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc
c IF(PAR(1).GE.1.E6.0R.PAR(1).LE.-1.E8) THEN
c II=II+1
c G0 TO 1500
c BND IF
c IF(PAR(2).GE.1.E6.0R.PAR(2) .LE.-1.ES) THEY
c IT=TI+1
¢ GO0 TO 1500
c END IF
c IF(PAR(3).GE.1.26.0R.PAR(3).LE.~1.56) TEEY
c II=II+1
c GO TO 1500
c END IF
c IF{IFAIL.YE.0) THEX
c WRITE(6,*) 'SOLVE FAILED I¥ RAT SIM',I
c II=II+1
¢ G0 TO 1500
c END IF
c IF(IFAIL.NE.Q) STOP
cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc
DO 1600 J=1,NP
STMATE(I,J)=PAR(J)
1500 CONTINUR
1300 COKTINUE
JOB=11
JoB3=1
USIM=NSIN-II
WRITE(6,*) NSIM,'IS TEE ACTUAL NUMBER OF SIMULATIONS PERFORMED*
DO 1600 I=1,N§P
WRITE(LUNOUT,40) I
w=I
CALL SUHR!(STHLTE(l.I).!SIH,LUNDUT.JOB.IFLIL,PARAH,H.BIAS.
+ XTII,RVAR,JOB3,NP)
1600 CONTIHUE
200 CONTINUR

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC
c

C RECORDING RESULTS AFTER DESIGNED EXPERIMENT IS PERFORMED
¢

CCCCcCCCCCCCCCCCCCGCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC
909 CONTINUE
b=Z
IF(D.EQ.0) VARO=RVAR
VARN(D)=RVAR
DETM(D)=DET
IECOB(D)=C1
PECOB(D)=C2
IPSIGH=0
540(D)=0.0

154



APPENDIX E. FORTRAN CODE FOR NONLINEAR REGRESSION

550(D)=0.0

IPSIGN=0

DO 1701 H=1,§P
PARM(D,W)=PARAM(W)
IF(PARAM(W).LE.0.0) IPSIGE=1
STDER(D,W¥)=SQRT(XTXI(W,¥)*RVAR)*2.0
550(D)=(BIAS(W)/PARAM(W)*100)»s2+550{D)
SA0(D)=ABS(BIAS(W)/PARAM(W)}«100+540(D)
BISM(D,w)=BIAS(W)/PARAM{W)*»100.0

1761 CONTINUR :
CCCCCLCCCCCCCCeliCeeetCtllCCelCCCCCCCCeCCCCCCeCCCCCCCaCCeCeCoeeeeerccecee

¢
c PARAIMETERS ARE ASSUMED TQ BE > ZERO. IF A4 PARAMETER ESTIMATE GOES
c NEGATIVE THEX THE SINULATIONS ARE TERMINATED AND RESULIS UP TG
C THAT POINT ARE PRINTED.
¢
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCGCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC
IF(IPSIGN.NE.0) THEN
WVRITE(G,*) 'suwsnssuvusessnsssnsnmnnenannanannn’
WRITE(6,*) '0ONE OF THE PARAMETERS EAS GONE NEGATIVE’
WRITE(S8,*) 'GOING TO WRITE STATEMENTS TO OUTPUT®
WRITE(8,») ’RESULTS OBTAINED UP TO THIS POINT .°®
HRITE(Q .t) R LR S T 2 T2 L T T T e r gy Sy |
G0 TO 998
END IF
cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc

c
c DECIDING IF SHOULD CONTINUR: YF THE NUMBER OF DESICNED RUNS

c EXCEEDS A PRESPECIFIED LIMIT THEN THE SIMULATIONS ARE STOPPED.

c SINULATIONS ARE ALSD STOPPED WEBN BOTH TUE INTRINSIC AND PARAMETER
c EFFECTS CURVATURES EAVE REACHED ACCEPTABLE LEVELS.

c

c

CCCCCCCCCCCCCCCCCCCCCeteCCrCtoCCeCtCenCeCCCeCCeCeCeccareere
TEST=0.6/5QRT(F(NPTS-NP))
IF(FLCGAT(NSERC).LT.0.5) GO T0 969
IF(C1.LT.TBST.AND.C2.LT.TEST) GO TO 999
CCCCCCCCCLCLLCCCCCCCCCCCeCCCECCCoCCCCCeeeCCeCeCeCCCCeseceeee

c
C BEGINNING SEARCH FOR NEXT EIPERIMENT
C IF BATES DOES NOT CONVERGE THEN THAT RUN IS SKIPPED
C THE RUN IS ROV ONLY SKIPPED IF CONVERGRNCE FAILED Np
¢ TIMES. IE FOR EVERY UNIT NORMAL VECTOR USED AS A STARTING
¢ VECTOR IN DIR. IF ROCDN = NP THEN THE RUN IS SKIPPED.
e ‘
C THE TEMP»» VARIABLES ARE USED Td CHECK FOR MINIMUM DESIGH
¢
CCCCCCCCLCCCCCCCCCCocCCeCCCetCtthCeCCeCCCCeCleetCeeCeCCCoeeeccceeseee
TEMPPE=0.E60
TEMPIN=0.E80
TEMPRI=0.E6Q
TEMPSS5=9.E80
NIEIN=0
MINPI=0
MINPE=0
MINVOL=0
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M55=0

bBL=9.0E80
PL=9.0E80
IL=9.0E60

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC

c

c THE TOTAL NUMBER OF POINTS IS INCREMENTED BY ONE AS TEE SBARCH

c FOR THE NEXT DESIGNED RUN BEGINS. Z IS THE ACTUAL RUN NUMBER

c BEING SIMULATED. THE FILE CONTAINING THE DATA REPRESENTING VALID
< RUN LOCATIONS IS FOUND IN THE FILE DEFINED BY 7. THE GRID VALGDES
c NUST BE IN TRE SAME FORMAT AS THE ORXIGIEAL DATA AS THE VARTABLES

c VARTABLES ARE SCALED. THE, READ STATEMENT MUST BE CHANGED TO MATCH
c TEE DATA FILE.

c
c

CGCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC
FPTS=NPTS+1

2=NPTS-5PT

REWIND 7

DO 1800 K=1,P
HEAD(7,*) X1(NPTS),X2(NPTS)
I1(HPTS)=X1(NPTS)*XF(1)
I2(NPTS)=X2(UPTS)+IF(1)
I3(NPTS)=X3(NPTS)*XF(1)
X4(NPTS)=X4(NPTS)»XF(1)
X5 (NPTS)=X6(NPTS)*XF(1)
X8(NPTS)=X6(NPTS)»XF(1)
X7(NPTS)=X7{EPTS)+XF(1)

DIRET=0

JOB=00000

CiALL BATES(PARIH.VLR.NITS.NPTS.HP.LUNOUT,JOB.BIIS.IFAIL,
+ 1.DERIY5.VARC.QRAUI.HK1.UK2,JPVT,CI,CZ.DIEEC.DIRET.
+ STORE,X,NOCON)

IF(ROCON.EQ.NP) THEN
WRITE(S,*) 'RUN NUMBER ’,K,'SKIPPED BECAUSE OF FAILURE TO CONV
+ ERGE WITH ANY INITIAL DYR AND OR CURVATURES CONVERGED T0 ZERO'
IFATL=0
GO TO 1900
EXD IF
CALL DDD(HP.HPTS.RVL&.PLBAH.IFAIL.HKI.DET.ITI.ITII,DRIVS.
+DRIVT,T,VWK,COFAC, IFLAG)
Ss{K)=0.0
IF(IFLAG.EQ.1) GO TO 1900
S4(K)=0.0
DO 2000 J=1,NP
SS(K)=(BIAS(J)/PARAN(I)*100)++2+55(X)
SA(K)=ABS(BIAS(J)/PARAN(J))*100+S4(K)
BIS(K,J)=BIAS(J)/PARAM(J)»100.0
2000 CONTINUE
cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc
c
C CHECK FOR MIN AND RECORDING PREDICTED LOCATION
c
c .
cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc
IF(IDBSGE.EQ.4) GO TO 4687
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IF(Ci.EQ.0.0.DR.CZ.EQ.0.0) THEN
WRITE(6,*) ? bbb L LA S R R AT TR SRl T2 T T L e Sy pupnppespuprrepey |
WRITE(6,+) ' ONE OF THE CURVATORES IS ZERO AND SO °
WRITE(6,~) °® QUIT SIMULATIONS, PRINT OUT RESULIS !

WRITE(6,*) ' OBTAINED TO THIS POINT !
WRITE(6,=) et LI L E LS L St T T A U
GO TC 589

END IF

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCOCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC

c

c IF THE INTRINSIC CURVATURE FOR THR PREVIOUS SIMULATED EXPERIMENT
c IS ACCEPTABLE THER THE DESIGN CRITERIA BECOMES TO MIKIMIZE TER

c PARAMETER EFFECTS CURVATURE. IF THE INTRINSIC CURVATURE WAS KOT
c ACCEPTABLE FOR THE PREVIOUS RUN THEN THE DESIGN CRITERIA IS TO

c MINIMIZE THE INTRINSIC CURVATURE. IF THE PREDICTED INTRINSIC

c CURVATURE WOULD BE MADE ACCEPTABLE WITH THE CURRENT RUN TREN

< TEE NEXT RUN IS CHOSEN SUCE THAT INC IS ACCEPTABLE AND THE

¢ PARAMETER EFFECTS CURVATURE IS MADE ACCEPTABLE.
G
C

CCCCCLCCLteCCClClllCCtCeCCetrCCotCoeCCCCCRCeCCCCCECCCCCCCCCCCCCCCCaees
IF(INCOB(D).LE.TEST) GO TC 400
I*(C1.LE.TEMPIN) THEN

TEMPIN=C1
MININ=K
END IF
IF(C1.LB.TEST.AND.C2.LE.TEMPEI)} THEN
TEKPEI=C2
MINPI=X
EED IF
400 CONTINUR
IF{C2.LE.TENPPE) THEN
TEMPPE=C2
MINPE=K
END IF
IF(C1.LE.IL) THEY
IL=Ci
INMM=K
END IF
CCCCCCCLCCoCCeceeteoCeeeeesCCCelletCeCeeCCCCCCCCCECeeCCOCCCECCCereeeeree
c

c CHECKING FOR THE MININUM VOLUME AND SSB RUN LOCATION FOR THE
¢ D-OPTIMAL AND SSB DESIGN CRITERIA.
¢

€CCCCCCCCCCClCCCCCCCCCCCCCCCCCCCCCCCCCCCCCeCCCCCeCeCCoCeCCCCCCeCCrCeeees
46487 CONTINUE
IF(DET.LE.DL) THEN
DL=DET
MINVOL=K
END IF
IF(SS(X).LE.TEMPSS) THEN
TEMPSS=55(K)
MS5=K
EXD IF
WRITE(S,*) K,'IN=?,c1,'PE=?,C2, 'VOL=",DET, ?55B=?,55(K)

Ve

i
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cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc
C
C IF CONTOUR PLOTS ARE HOT REQUIRED OR MORE THAX O¥E RUX IS
C BEING SIMULATED CUMMENT OUT THE HEXT THREE WRITE STATEMENTS
c
cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc
WRITE(®,*) ¢2
WRITE(10,=) DET
WRITE(11,*) S5(K)

1900 CONTINUE
cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc
c
c SEARCH IS OVER AND DESIGKED LOCATION ARD SIMULATED
C EXPERIMENT ADDED TO ORIGINAL DATA
c
cccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc

WRITE(B,») *
WRITE(6,*) 'MINPR=’ MINPE
WRITE(S,») *MININ=’,INMM
YRITE(6,*) 'MINPI=’ MINPI
WRITE(6,*) 'NINVOL=®, MINVOL
WRITE(S,*) 'MINSSB=’,MSS
YRITE(B,«) * 1
IF(IDESGK.EQ.1) THEN
LOC=MINPE
BBS(Z)=1
GO TO 500
BUD IF
IF(IDESGN.EQ.2) THRY
LOC=MININ
DES(2)=2
G0 TO 500
END IF
IF(IDBSGN.BQ.3) THEN
IF(MINPI.EQ.0) THEY
LOC=MINPE
DES(2)=1
WRITR(6,*) 'CRITERION CHOICE OF NINPI IEVALID?
G0 TO 500
E¥D IF
LOC=MINPI
DES(Z)=3
G0 TO 500
END IF
IF(IDESGN.EQ.4) THEN
LOC=MINVOL
BES(2)=4
G0 TG 500
END IF
IF(IDESGN.RQ.E) TEHEN
LOC=MSS
DES(Z)=6
GO TO 500
END IF
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500

2001

2100

+
+

IF(IDESGY.EQ.0) TEHEN
LOC=M1iPE
DES(Z }=1 .
IF(INCOB(D).GT.TEST) TEE
LOC=MKIEIY . '
DES(Z )=2 ‘
END IF
IF(MINPI.NE.0) TEEW
LOC=MINPI
DES(Z )=3
END IF
END IF
WRITE(S,+) ’1001 HAVE FOUND LOC REWINDING 7°?
WRITE(6,%) #tsescnnnnunzannasn LOC=? ,LoC

TPE OPTIMUM RUN LOCATION HAS BEER CHOSEY, THE FILE CONTAINING THE
GRID IS REWOUND A¥D THE OPTIMUM RUN LOCATION ADDED TG TEE OBRIGIHAL
DATA FILE AND STOBED FOR LATER OUTPUT. THE READ STATEMENT FOR FILE
7 MUST MATCE THAT IN THE LOOP 1900. TES OPERATING VARIABLES ARE
ALS0 SCALED AFTER BEING STORED.

REWIND 7
D0 2001 I=1,L0C
READ(7,*) Y1(NPTS),Y2(HPTS)

CONTINUE

I1M(2)=X1(¥PTS)

X2¥(2)=12(¥FT5)

X3M(Z)}=X3(XPTS)
I4M(Z)=X4(NPTS)
XEM(Z)=1I6(IPTS)
16M(Z)=X8(XPTS)

I7TM(2)=X7(XPTS)

X1(NPTS)=X1(NPTS)+XF(1)

I2(NPTS)=X2(NPTS)=IF(1)

I3(NPTS)=X3{NPTS)«XF(1)

Xa(NPTL)=X4{NPTS)»IF(1)

IS(NPTS)=X6{NPTS)*IF(1)

I6({NPTS)=X8({NPTS)+IF{1)

X7{NPTS)=X7(BPTS)sXF(1)

JOB=Q0000
WRITE(S,*) ’ABOUT TO CALL BATES TO GET PEPR’
CALL BATES(PARAM,VAR,¥ITS,NPTS,NP,LUNOUT, JOB,BIAS, IFAIL,

A,DERIVS,VARC,QRAUX, WK1 ,WK2,JPVT,C1,02,DIREC,DIRET,
STORE,K,HOCOK)

CALL DOD(HP.NPTS.HIAR.PIRAH.IFAIL.VKi.DBT,ITI.ITII.DRIVS.
+DRIVT,T,WK,COFAC, IFLAG)

55(K)=0.0
SA(X)=0.0

. DB 2100 J=1,§P

SS5(K)=(BIAS(J)/PARAM(I)*100)*#2+55(K)
SA(K)=ABS(BIAS{J)/PARAN(JI))*100+SA(K)
BIS(K,J)=BIAS(J)/PARAM(J)*100.0

CONTIEUR

WRITE(6,+) PEPR VOLPR CALCULATED’,C1,C2,DET

SSP(Z )=S5(K)

CSAP(Z  )=sA(X)

DOPTM(Z)=DET
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INCM(Z)=C1
PECM(2)=C2
ccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc
c
c THE SUBROUTINE GGHML IS USED TO GENERATE i ¥(0,1) NUMBER WHICH
c IS USED TO GENERATE THE STOCEASTIC TERM OF THE SINULATED EXPERIMER
c
ccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccccc
CALL GGEML(DSEED,1,RR)
CiLL GGNML(DSEED,1,BR)
RNE(2Z)=RE
RER(Z)=SQRT(RVAR)*RR
ITASK=0
IFAIL=0
CALL EVAL(PARAM,¥PTS,ITASX,G,IFAIL,SPTS)
THT(Z)=G(1)
IF(IDESGN.EQ.68) THEY
YHIE(Z)=YHT{2)
ELSE
YHTE(Z)=YHT(Z)+RER(Z)
END IF
Y(IPTS)=YHTE(Z)
NSERC=NSERC-1
IF(FLOAT(XSERC).GT.-0.5) THER
WRITE(6,*) 'GOING TO 100®
GO IO 100
ELSE
WRITE(S,+) 'ENDING’
END IF
60 CONTINUE
CCCCCCLIECCCCCtelCeCCCeCCCCCtlCCCetCieCCCCCeCCICCCCCCCCeCeaeee
e

C  PRINTING QUT SUMMARY OF SEARCH AED SIM
c

CCCCCCCCLCCCCCCCCeeCeCCeereCeCCCeeteCtCCeleeCeCCCoCeeCCeeeee
WRITE(®,1) TITLES
DO 2200 I=1,Z
2200 VRITR(®,2) L. X1K(T) ,X2M(1) ,X3NH(T),X4M(T) , XEM(i},XOH(T),X7M(T)
WRITE(S,11)
DO 2201 I=1,Z
2201 WRITE(6,2) I,YHT(I),RNN(I),RER(I),YETE(I),VARM(I)
WRITE(S,33)
WRITE(8,3) (I,I=1,XP)
DO 2200 J=0,2
2300 WRITE(S,4) J.(PAEH(J,II).SIDER(J.II).II=1.HP).VIRH(J)
WRITE(S,5)
DO 2500 J=0,Z
K=NPT -NP+J
5(2)=0.6/SQRT(P(K))
WAITE(LUNOUT,8) J,DES(J),PECM(J),PECOB(J),
+  PECOB(JI)*SQRT(VARO/VARM(J)),INCM(JI),INCOB(J),
+ .IHCOB(J)-SQRI(?AROIVARH(J)),S(J).
+ nnpta(:).nnrn(:).nzru(:)-(vnno/vnan(z))--np.vnan(J)
2600 CONTINUE .
VRITE(S,70)
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WRITE(6,72) (I,I=1,5P)
WRITE(S,=) ' -
DO 2600 J=0,2

I=3-1

2600  WRITE(6,71) J,SS0(J),SSP(J),(BISM(J,K),K=1,4P)

1
11

20
23
30
3
40
16

400

Boo
300

STOP
FORMAT(//1E ,2X,480)

FORMAT(//1H .2x,'nuna',111.'tpa'.sx.'axu'.13:.'323',9x.'!51H'.11:,
+'TiR?, /)

FORMAT(1H ,3X,I3,6X,7(2X,612.5))

FORMAT(/1E , ’RUN%’)

FORMAT(1H+,3X,4(6X,'PAR?,I1,61,°25IGKs’))

FORMAT(1E ,1X,12,2X,9(1X,610.4))

FORMAT(/1E s 'RUN®' ,4X, *PARG' ,6I, *2SIGHA?,6X, 'PARE® 68X, *25IGMA?,
+81, 'PAR6‘,6I, *2SIGML’ 81, VAR?,/)

FORMAT(1E ,1X,I2,2X,6(1X,610.4),1X,G12.8)

FORMAT(/1E . 'RUN#’,1X,'DC’,4X, 'PEPR’,6I, 'PEOB’,6X, *PESCL’ , 08X,
+ 'INPR’,BX,'INOR?,7X,?INSCL?,4X, 'TEST',8X,

+ 'VOLPR’,6X, *VTOLOB?,6X, *VOLSCL? 68X, *VAR*, /)

FORMAT(1E ,1X,I2,2X,I1,11(1X,610.4))

FORMIT(/IE ,1X,’RU%?,5X,SS0%,09X, 'SSP?,3X)

FORMAT(1H ,1X,I2,8(1X,G11.4))

FORMAT{?+? ,31Y,4(*BILS’,I1,71))

FCRHELT(FS8.2) ‘
FORMAT(/1R ,’TEIS IS SIM FOR O-ITLENE OXIDATION RUS 2 ,I2)
FORMAT(///1E ,08X,?0~XYLEKE OXIDATION , MODEL FORM Mo0?,//1E ,3X,
+1POINT ;'.3:.'u-xYLGs'.eI.'nxxcan'.4:,-nATE'.?I.'x'.sx.’TEHP-./.
+168X, '+E4’', 10X, '*E3? ,5X, Y+E8? ,16X,?C?,//)

FORMAT{F?7.5,F?.5,F5.7)

FORMAT(//1B ,’THE VARIANCE IS :’,E16.6,//)

FORMAT(1E »41,12,8X,F4.2,8X,F6.1,3X,F6.2,5Y,F4.2,4Y ,FE.1)
FORMAT(/1H ,’'DIR ',8(2X,E13.8))

FORMAT(///1B ,10X,'PARAMETER KO. ',I4)

FORMAT{DB.8)

END

SUBROUTINE ACCEL(l.DERIVS,RIHV.ILPHA.TEHPV.JPVT.HPTS.HP)

INTEGER JPVT(1),4PTS,5P,I,J,K,L,ININ1,JJ,IPLUSY
REAL A(NPTS,NP,1),DERIVS(NPTS,1) ,RINV(NP,1),ALPEA(1),
+ TEMPV(1),ACCUM, GAMMA ,ZERO,0KE ‘
DATA ZER0/0.0E0/,0NE/1.0E0/

B0 100 I=1,NP

DO 200 J=1,I

DO 300 K=1,NP

ACCUM=ZERO

DO 400 L=K,RPTS
ACCUM=ACCUM+DERIVS(L,K)*»4i(L,I,J)

‘CONTINUE

GAMMA=ACCUM/(ALPHA(K)*DERIVS(K,X))

DO 50O L=K,NPTS
A(L,I,7)=A(L,I,1)+GAMMA*DERIVS(L .X)

CONTINTE

COXTINUR
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600
200
100

800

1000

890
i111

1100
700

1500

1300
1300

1800

1700
1600
1200

DO 609 K=1,NPTS
i(K,J,I)=1(X,I,1)
CONTINUE
CONTINUE
CONTINUE

DO 700 I=1,NP
DO 800 J=1 NP
TEMPY(J)=2ERD

CONTINUE
TEMPV{I)=ONE/ALPBA(I)
IMINI=T-1

IF(IMINY.LT.1) GO TO 1111
DO 500 JJI=1,IMIN1
J=IMIN1-JJ+1

JPLUS1=J+1

ACCUM=ZERO

DO 1000 K=JPLUS1,Np
ACCUM=ACCUM+DERIVS(J,K)*TENPV(X)
CONTINUE
TEMPY(J)=-ACCUM/ALPHA(T)
CONTINTE

CONTIEUE

DO 1100 J=1 KP

K=JPVT(J)
RINV(X,I)=TEMPV(J)
CONTINUE

COYTIEUR

DO 1200 I=1,NPTS
DO 1300 J=1,Np

DO 1400 K=1 NP

ACCUM=ZERO

DO 1500 L=1 NP
ACCUN=4CCUM+A(I,J,L)*RIHV(L,K)
CONTIKUR

DERIVS(J,K)=4CCUN

CONTINUE

CONTINUR

DO 1600 J=1,Ep

DO 1700 K=1,J

ACCUN=ZERD

DO 1800 L=1,XP
ACCUM=ACCUM+RINV(L,J)*DERIVS(L,K)
CONTINUE

ACI,J,K)=acCOM

A(I,K,3)=AcCUN

CONTINUE

CONTINUR

CONTINUE

RETURY

EED
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SUBROUTINE ARBAYS(i,DERIVS.STRAD,HPTS,NP.LUHOUT,JOB)

INTEGER 4PTS,IP,JOB,LUN0TT,I,J,K,MOD

REiL A(¥PTS,HP,1),DERIVS(NPTS,1),STRAD
LOGICAL PRND1,PRND2

PRND1=J0B/10000.5E.0
PRED2=MOD(JOB,10000)/1000.5E.0
IF((.¥0T.PRND1).iKD.(.NOT.PRNDZ)) GO TO 1111
WRITE(LUKOUT,10) STRAD

1111 CONTINUE

100

IF(.O0T.PRND1) GO TO 2222
WRITE({LUNOUT,20)

DO 100 I=1,YPTS

WRITE(LUNOUT,30) 1,{DERIVS(I,J),J=1,NP)
CONTIEUE

2222 COATINUE

300
200
3333

10
20

30
40

5O
a0

IF(.NOT.PRYD2) G0 TO 3333

WRITE(LUNOUT, 40)

DO 200 I=1,NP

WRITE(LUXOUT,50) I

DO 300 J=1,8P

WRITE(LUXOUT,60) (i(I,J],X),X=1,¥P)

CONTINUE

CONTINUR

CONTINUE

AETURY

FORMAT(////,18 ,10X,’STANDARD RADIGS =',RE13.8)
FORMAT(////,1H ,10X,'FIRST ORDER PARTIAL DERIVATIVES,
+ (STANDARDIZED)',//1H ,'DATA POINT')

FORMAT(1E ,I10,8E12.5/(1H ,20X,8E12.5))
FORMAT(////4H ,10X,'SECOED ORDER PANTTAL DERIVATIVES,
+  (STANDARDIZED)’,//iR ,'DATA POINT’)

FORMAT(1H ,15)

FORMAT(1E ,10X,8E12.6/(1E ,10X,8E12.5))

END

SUBROUTINE BlTES(PlRlH.VJR,HITS.EPTS.NP.LUIOUT,JDB,BILS.
+ IFAIL.A.DEEIVS,HINF,QR&UI.HKi,HK2.JP?T.Ci.C2,DIREC,DIBET,
+ STORE ,KK,X0CQON)

INTEGER JPVT(1),NITS,NPTS,¥P,LUNOUT,J0B,IFAIL,I,],K, W, N, ITASK,
+DIRET,DIRO,II,KK,NOCON,NOIN, KOPE

REAL Plnlﬂ(i).l(HPTS.IP,i),DERI?S(RPTS.i).RI!V(!P.l).Qﬂlﬂl(i).
+axns(1).wx1(1).ux2(1).vxn.srn;n.rzup.cz.cz.u.zxnn.san.rnnxr.
+DIREC(NP) ,STORE(1000,2,NP+1) ,MMAY1 ,MMAX2

DATA 2ER0/0.0E0/

IFAIL=0

IF(ViR.LE.ZERO.OR.NP.LE.0) GO TO 2222
STRAD=SQRT(VAR+FLOAT(KP))

DD 100 I=1,NPTS

ITASK=1

CALL EVAL(PARAM,I,ITASK,WK1,IFAIL,NPTS)

IF(IFAIL.XE.0) GO TO 3444
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200

400
300
100

700

000
500

DO 200 J=1,8P

DERIVS(I,J)=WK1(J)/STRAD

CONTINTE

ITASK=2

CALL EVAL(PARAM,I,ITASK,WK1,IFAIL,NPTS)
IF(IFAIL.NE.O0) GO TO 4444

qW=0

DO 300 J=1,§P

DO 400 K=1,J

EW=HW+1

W=WK1(¥W)/STRAD

4{1,3,K)=N

IF(J.EE.X) A(I,X,1)=V

CONTINUE

CONTINUE

CONTINGZ

CALL ABRAYS(A,DERIVS,STRAD,HNPTS,EP,LUECUT,JOB)
DO 700 I=1,NP

JPVI(I)=0

CONTINUE

CALL SQRDC(DERIVS,NPTS,HPTS,NP,QRAUX,JPYT,%K1,1)
DO 500 I=1,XP
IF(QRAUX(I).EQ.ZERO.OR.DERIVS(I,I).EQ.2ERO) GO TO 3333
TEMP=QRATX(I)

QRAUX{I)=DERIVS{I,I)

DERIVS(I,I)=TEMP

DO 800 J=I,NPTS
DERIVS(J,I)=-DERIVS(J,I)sQRAUX(Y)

CONTINUE

CONTIXUR

CALL ACCEL(A,DERIVS,RINV,QRAUX,WK1,JPVT, XPTS,NP)
CALL BOX(4,RINV,BIAS,WK1,KPTS,HP)

€ccecceccecceceecccceececceccccoccccecceccecececcecceeceeececceeeececccccccee

THE LOOP 1112 IS USED TQ EVALUATE THE CURVATURES WITH THE NP HORMAL

IN STORE(#POINTS,IN OR PE,NP VALUES WITH NP AS THE NAX

c
c
¢ VECTORS AS STARTIKG VALUES FOR DIR, THE CONVERGED VALUERS ARE STORED
c
c
c

¢cccecceccceeccecccecceeccceeceececocccceecececceccecccececccccecoeeccceccececceeee

M=NP+1

MMAX1=0.0

MMAX2=0,0

NOIN=0

KOPE=0

KOGON=0

IF(DIRET.EQ.1) WRITE(6,32)

DO 1112 II=1,NP

CALL CURVE(A,DERIVS,WK1,QRAUX,WK2,C1,M,5PTS,N1ITS,NPTS,NP,IFAIL,
+DIREG,II)

IF(DIRET.EQ.1) WRITR(s,33) II,C1,{DIREC(I),I-1,NP)
IF(IFAIL.EQ.0) GO TO 1111

IPAIL=6

NOIN=KOIN+1

€1=0.0

1111 CONTINUR
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CALL cunvz(a.nsn:vs,wxz,qnnux,uxz.cz.1.up,nzrs,nrrs.sp,xrxzn.
+DIREC,II)
IF(DIRET.EQ.1) WRITE(S,33) 1r,c2,(DIREC(I),I=1,%P)
IF(IFAIL.EQ.6) TEEX
NOPE=NOPE+1
WHITE(LUNOUT,30) BITS
WRITE(6,12) DIRET,IFAIL,II,XK
€2=0.0
END IF
STORE(KK,1,II)=Ct
STORE(XK,2,IT)=C2
IF(C1.GE.MMAY1) THEX
MMiY1=C1
STORE(XX,1,NP+1)=C1
EXD IF
IF(C2.GE.MMAX2) THEX
MMAX2=C2
STORE(XX,2,§P+1)=C2
END IF

1112 CONTINUR

IF(NGPE.EQ.NP.OR.NOIN.EQ.NP) NOCON=NP
C1=STORE(XK,1,7P+1)

C2=STORE(KX,2,¥P+1)

CALL HATTS(L.BIAS,PLBJH.c1.c2.NPTS.HP.LUNOUT.JDB)

RETURY
2222 CONTIKUE
IFAIL=3
WRITE(LUNOUT,10)
RETURN
3333 CORTINUR
IFAIL=4
WRITE(LUNOUT,20)
RETURY
4444 CONTINUR
IFAIL=8
WRITE(LUXGUT,40)
RETURN
10  FORMAT(//1B ,’+s» SUBROUTINE BATES INGCORRECT STANDARD RADIUS?,//)
12  FORMAT(/1H . 'DIRET’,1X,I1,2X, *IFAIL’,1X,12,2X, *DIR’,1X,I1,2X, *LOC"
+ ,1X,I3)
20  FORMAT(//1H ,'es= SUBROUTINE BATES SINGULAR MATRIX’,//)
30  FORMAT( /1H ,’sss SUBROUTINE BATES CONVERGENCE NOT ACHIEVED ',
+'AFTER ', I4,2X,'ITERATIONS',/ )
31 FORMAT(/1E ,’DIR ’,7(2X,RB13.8))
32 FORMAT(/1E ,°ALL THE CONVERGED DIR VECTORS AND THE IN AN PE CURVAT
+URES!,/)
33  FORMAT(1E ,’DIR’,I1,1X,E13.6,1X,8(F9.7,1X))
40  FORMAT(//iH ,?ss« SUBROUTINE BATES USER-FLAGGED ERHOR’,

+*I¥ SOUBROUTINE EVAL’,//)
EXD
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200

100

400
300

100

1111

2222

3333

SUBROUTINE BUI(!,HIHV,BIAS,TEHPF,HPTS.HP)

INTEGER NPIS,JP,I,J
REAL 1(NPTS,HP,1),RIHV(HP,l),8115(1),TEHPV(l),ZERO.FLOAT
DATA 2ER0/0.0E0/

DO 100 I=1,5P

TEMPV(I)}=2ERD

DO 200 Jj=1,N§p
TEMPY(I)=TEMPV{I)+A(I,3,])
CONTINUE
TEMPV(I)=-TEMPV(I)/FLOAT(2%HP)
CONTINUE

DO 300 I=1,KP

BIAS(I)=2ERD

DO 400 J=1,¥P
BIAS(I)=BIAS(I}+RIEV(I,J)=TENPV(J)
CONTINUE

CONTINUE

RETURN

END

SUBROUTINE CHTEST(DIR.GRAD.CUSA.SIHA,THQL.RP,CﬂVGED)

INTEGER ¥P,I .
REAL DIR(i).GElD(l).CUSL,SIHA.IHQI.EPS.PI.TEST.lBS.SIGN.LTlﬂz.
+ SGH,2ERO,ONE, TWO, PSF,SQRT

LOGICAL CHVGED

DATA gpsli.0£-4/.?1/3.1415950/.2£n0/o.onox.unzli.ozol.
+IW0/2.080/ ,PSF/7.5B-1/

CNVGED=.FALSE.

TEST=0NE-EPS

IF(ABS{COSA).LE.TEST) GO TO 1111
SG¥=SIGH{ONE,COS1)

DO 100 I=1,XP

DIR(I)=SGE*GRAD(I)

CORTINUR

CHVGED=.TRUE.

RETURN

CONTINUE

SINA=SQRT(ONE-COSA++2)

IF(SINA.NE.QONE) GO TD 2222

THEQA=PSF*PI/TV

RETURN ‘

CONTINDR

IF(COSA.GE.ZERQ) GO TO 3333
TEQA=PSP»(ATAN2(SINA,COSA)+PI)

RETURN

CONTINUE

THQA=PSF«(ATAN2(SI¥A1,C0S1))

RETURY :
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400
1111

2222

700

800
6oo

800

goc

1100

1000

1200

1300

1400

SUBROUTINE CURVE(A,TEHPHL,DIE,GELD,TEHPL.CHII,IH,IE.NITS.HPTS,
+ NP,IFAIL,DIREC,II)

INTEGER IH,IH.HITS,HPTS.HP,IFlIL,I.J,K,ITER.HPHIHi,DIRO.II
REAL A(nPTS.HP.i).TEHPHL(EPTS,i).DIE(i).GRAD(l).TEHPL(i).PLOLT,
+ ca;x,accun.xLExc,szyz,cusx.SIn,cns.san.THQA.c1.c2.zzno.unz.
+DIREC(NP)
LOGICAL CKVGED
DATA ZERG/0.0E0/,0NE/1.0E0/
EPMIN1=NP-1
IF(NPMIN1.LT.1) GO TO 1111
DO 400 I=1,¥P

DIR(I)=ZERO
CONTINUE
CONTINUE
DIR{II)=0KE
ITER=1
CONTINUE
DO 500 I=IM,IN
DO 800 J=1,§P
ACCUM=ZERO
DO 700 X=1,¥P
ACCUM=ACCUM+4(I,J,X)«DIR({K)
CONTINGE
TEMPML(T, I)=ACCUM
COKTINGE
CONTINUE
DO 800 I=IM,IX
ACCUM=ZERD
DO 900 J=1,%P
ACCUM=ACCUM+TEMPNL(I,J}*DIR(I)
CONTINUE
TEMPL({I)=ACCUM
CONTINUE
DO 1000 I=1,N¥P
ACCUN=ZERD
DO 1100 J=IM,IN
ACCUM=AGCUM+TEMPML(J,I)»TENPL(J)
COETIKUR
GRAD{I)=ACCUM
CONTINUE
ACCUM=Z2ERD
DO 1200 I=1,NP
ACCUM=ACCUM+GRAD(I)+GRAD(I)
CONTINUE
ALEEG=SQRT(ACCUM)
IF(ALENG.EQ.ZERO) 60 TO 4444
DO 1300 I=1,NP
GRAD(X)=GRAD(I)/ALENG
COKTINUE
COSA=ZERO
DO 1400 I=1,§P
COSA=COSA+DIR{I)*GRAD(I)
CONTINUE
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aaoaooaaoaonon

3333

CALL CKTEST(DIR.GEAD,CUSA,SIHA,THQL,KP,CHVGED)
IF(CYVGED) GO TO 4444
ITER=ITER+1
IF(ITER.LE.NITS) GO TO 3333
IFAIL=6

GO TO 2444

COETINUE

C2=SIN(THQA)/SIEA
C1=COS(THQA)-C2+COS4

DQ 1600 I=1,¥P
DIE(I)=CitDIR(I)+C2*GBlD(I)

1500 CONTINUR

GO0 TO 2222

4444 CONTINUE

DO 1234 2=1,XP
DIREC(Z)=DIR(Z)

1234 CONTIEUE

1800

DO 18400 I=IM,IN

DO 1700 JI=1,XP

ACCUM=2ERD

bo 1800 K=1,NP
ACCUM=ACCUM+A(T,J ,K)*DIR(K)
CONTINUE

TEMPML(I,J)=ACCUM

1700 CONTINDR
1800 CONTIEUR

DO 1800 I=IK,I¥

ACCUM=ZERO

DG 2000 J=1,KP
AGCUM=ACCUM+TEMPML(I,J)«DIR(.I)

2000 CONTINUE

1800

TENPL(X)=ACCUM

CONTINUE

ACCUNM=ZERD

DO 2100 I=IM,IN
ACCUN=ACCUM+TEMPL(I)+TEMPL(I)

2100 CONTINUR

CMAX=SQRT(ACCTUN)
RETURY
END

THIS SUBROUTINE CALLED DOD WILL CALL EVAL FPTS TINES AND CONSTRUCT

-~ “RT5#EP MATRIX OF FIRST DERIVATIVES CALLED DRIVS. THE TRANSPOSE
-~ »RIVS IS STORRD IN DRIVT(NP+NPTS). THEN ITI=DRIVT*DRIVS IS
CALCULATED. THE IXVERSE OF XTX (SYMMETRIC) IS DETERMINED BY i
CHOLESKY DECOMPOSITION IN TWO STAGES, THE INTERMIDIATE BEING STORED
IR T(NP*NP). THE FINAL INVERSE IS IN XTXI. TBE DETERMINANT OF XTXI
IS THEN DETERMINED.

SUBROUTINE DDD(NP.HPIS.EVIR.PIB&H.IFLIL,UKi.DBT.ITI.ITII,DEIVS.
+DRIVT,T,WK,COFAC,IFLAG)

INTEGER I,K,J,ITASK,IPAIL,NP,NPTS, N

REAL SBi.Sl!.SHZ.SHi.HKI(i),DRIVS(NPTS.HP).
+ITI(5P.HP),ITII(HP,!P},T(NP.HP),DET.Q.S,U.PIBIH(RP),RVIB.
+COPLC(HP-2),HK(!P.NP).ITXII(D.D).DHIVT(HP,RPTS),ITIH(O,G).
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602
501

504
503

= N

6507
606
506

333

aro

+XTIIM(6,6) ,WKAREA(132),PROD(SE,6) ,1(989,8),¢(6,8),B(1)
IFAIL=0
DO BQ1 I=1,HPTS
ITASK=1
CALL EVAL(PARAM,I,ITASK,WK1,IFAIL,NPTS)
DO 602 J=1 NP
DRIVS(I,1)=0.0
DRIVS(I,J)=wK1(J)
I(I,I)=WK1(J)/(SQRT(RVAR=KP))
CONTINUR
COBTINUE
DO BO3 I=1,YPTS
DO 504 J=1,NP
DRIVT(J,I)=0.0
BRIVT(J,X)=DRIVS(I,J)
CONTINUE
CONTINUE
PO 1 I=1,¥P
DO 2 J=1,KP
ITI(I,3)=0.0
ITII(1,J)=0.0
T(I,J)=0.0
CONTINUE
CONTINUE
DO 506 I=1,§P
DO 508 J=1,NP
DO 507 X=1,NPTS
XTX(I,1)=XTX(I,T)+DRIVT{I,X)~DRIVS(X,J)
CONTINUE
CONTINUE
CONTINUE
SK1=0.0
SN2=0.0
SM1=0.0
§M2=0.0
Do 111 I=1,§p
DO 222 J=X,NP
IF(I.¥B.J) GO TO 370
M=I-1
DO 333 K=1,8
SM1=SMI+T(K,I)*=2
CONTINUE
IF((XTX(Z,J)-5M1).LT.0.000) THEY
WRITE(8,*) 'ROOT OF NEG IN DOD A’
IFLAG=1
GO TO 233
END IF
T(I,J)=SQRT(XTX(I,J)-SM1)
SM1=0.0
GO TO 430
CONTINUE
M=I-1
DO 444 K=1.M
SH2=5M2+T(X,I)*»T{K,])
COBTIKUE
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430
222
111

77

570

640
ase
B&E

233

234

236

APPENDIX E. FORTRAN CODE FOR NONLINEAR REGRESSION

IF(T(I.I).LE.1.0E-66.AND.T(I,I).CE.-1.0E-66) THEN
IFLAG=1
WRITE(6,*=) *DIVIDING BY ZERD®
GO TO 233
END IF
T(X,3)=(XTX(I,J)-SM2)/7(I,I)
T(I,3)=7(1,3)
SM2=0.0
CONTINUE
CONTINUE
CONTINUR
DO 566 J=KP,1,-1
DO 666 I=J,1,-1
IF(X.NE.J) GO TD E70
M=1+T
DO 777 K=M,uP
SH1=SN1+T(I K)*»XTXI(I,K)
CONTINUE
IF(T(I,I).LE.1.0B-66.A8D.T(I,I).GE.-1.0E~ 86) THEK
IFLAG=1
WRITE(6,+) 'DIVIDIKEG BY ZERG'
GO TO 233
EXD IF
XTXI(I,I)=1.0/T(I,I)+*2-S01/7(I,1)
S¥1=0.0
GO TO 640
CONTINUGE
M=1+T
DO 888 K=M,NP
SK2=5N2-T(I,K)=XTXI(X,1)

CONTINUE

IF(T(I,I).LE.1.0E-65.2XTD. T(I,I).GE.-1.0E~88) THEN
IFLAG=1
WRITE(8,+) ’DIVIDING BY ZERO’
G0 TG 233

E¥D IF

XTXI(I,J)=SN2/T(I,I)
XTXI(J,I)=5N2/T(I,I)
SH2=0.0
CONTINUE
CONTINUER
CONTINUB
IF(DET.LT.0.000) THEX
DET=9.E5b
IFLAG=1
WRITE(8,%) 'DET IS NEGATIVE!
GO TO 233
END IF
CALL DTRMRT(¥P,XTII,DET,WK,COFAC,RVAR)
CONTINUE
IF(IFLAG.BQ.1) THEN
DO 234 I=1,HP
WRITE(S,*) 'ITI AFTER DTRMNT', (XTX(I, J) J=1 §P)
DO 236 I=1,NP
WRITE(S,*) *XTIT AFTER DIANNT’, (XTYI(I,J),J=1,§P)
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100

END IF
RETURN
END

SUBROUTINE DSPLAY(Y,VARC,PARAM,WK1,VAR,NPTS,NP,ND1,
+ LUNOUT, JOB, IFAIL)

INTEGER JOB,MOD,LUNOUT,ND1,NP,I,J,NPTS,IFAIL,ITASK
REAL Y(i),VARC(NDi.i),PlRAH(i),HKi(i).VLE.SQBT,T,SE,YELT,RES
LOGICAL PRNTAB,PREVCV,PRNCOR,PRNFIT
PRNTAB=NOD(JOB,10000)/1000.YE.0
PREVCV=MOD{(JOB,1000)/100.8E.0
PRUCOR=MOD(JOB,100)/10.0E.0
PRNFIT=MOD{J08,10).NE.0

IF(.NOT.PRNTAB) GO TO 1111

WRITE(LUKROUT,10)

DO 100 I=1,NP

SBE=SQRT(VARC(I,I))

T=PARAN(I)/SE

WRITE(LUKOUT,20) I,PARAM(I),SE,T

CONTINUE

1111 CONTINUE

200

IF(.NOT.PRUVCY) GO TO 2222
WRITE(LUXOUT, 30)

DO 200 I=1,NP

WRITE(LUNOUT,40) I,(ViRC(I,J),J=1,I)
CONTINUE

2222 CONTINUE

400

300
3333

500
4444

10

20
30
40
b6O

IF{.NOT.PRNCOR) GO TO 3333
WRITE(LUNCUT,50)

DO 300 I=1,NP

DD 400 J=1,I :
HKi(J)=F1nc(1.J)/SQRT(?]RC(I,I)t?lEC(J.J))
CONTINUE

WRITE(LUNOUT,80) I,(WK1(J),J=1,1)

CONTINUE

CONTINUE

IF(.NOT.PRNFIT) GO TO 4444

WRITE(LUEQUT,70)

DO OO I=1,NPTS

ITASK=0

CALL EVAL(PARAM,I,ITASK,WK1,IFAIL,NPTS)
IF(IFAIL.NE.Q) RETURN

THAT=WK1(1)

RES=Y(I)-YHAT

WRITE(LUNQUT,80) I,Y(I),YEAT,RES

CONTIHUE

CONTINUE

RETURN

FORMAT(/1E ,10X, 'PARAMETER ESTIMATES AT CONVERGENCE’,/1H ,
+! PABAMETER’,4X,'BSTIMATE?,11X,'SE?,11X,'T?)
FORMAT(1E ,16,4X,E12.6,1X,B12.6,2X,F10.2)
FORMAT(/1R ,10X, 'PARAMETER VARTANCE-COVARIANCE MATRIX?,/)
FORMAT(1H ,15,8(2X,E12.8)/(1H .5X,8(2X,E12.8)))
FORMAT(/1E ,10X, *PARAMETER CORRELATIONS?,/)
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60  FORMAT(1H »15,8(21,F12.6) /(1R »5X,8(2X,F12.8)))
70  FORMAT(/1E ,11X,'UNIT® »14X,°Y?,8X, 'FITTED?, 7, 'RESIDULL’)
80 FORMAT(1H ,T15,3E15.6)

EYD

SUBROUTINE DTRMNT(NP,XTII .DET WK, COFAC,RVAR)

INTEGER ¥P,NPS,I,J,K,Z,M,P
REAL ITII(HP.HP).HK(NP.HP),CDFAC(HP-Z),DBT,RVLR
IPS=RP
DO 11 I=1,NP
DO 22 J=1,§P
WK(X,J)=XTII(I,J)*RVAR
22 CONTINUE
11 CONTINUE
2=1
33 CONTINUE
IF(¥PS.EQ.2) GO TC 44
DO 1 K=NPS,2,-1
DO 21 P=1,1
FAC=WK(K,1)/WK(1,1)
DO 2 J=1,3PS
WE(K, I)=UK(X,J)}-FAC*WK(1,J)
2 CONTINUE
21 CONTINUE
1 CONTINUE
COFAC(Z)=WK(1,1)
Z=Z+1
DO 3 J=2,NPS
b0 4 K=2,11PS
WK((J~1), (K-1))=WK(J,X)
4 CONTINGE
3 CONTINUE
MNPS=NPS-1
GO TG 33
44 CONTINUE
DET=WK(1,1)*WK(2,2)-WK(2,1) »NK(1,2)
DO 5 J=1,§p-2
DET=DET#COFAC(J)
5 CONTINUE
RETURN
END

SUBROUTINE FREQNC(X,N,MEAN » VAR, LUNOUT)

INTEGER N,LUNOUT,XOUNT,I

REAL x(i).HBAN.van.sn,cxr:xc.xx.cnr,;xnr.san
DATA CATING/2.BE-1/

SD=SQRT(VAR)

KOUNT=0

XX=(X(1)-MEAN)/SD

CAT=AINT(XX/CATIEC)*CATINC

WRITE(LUNO0UT,10)

DO 100 I=1,¥

IX=(X(I)-MEAN)/SD
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Ganoan

[y

1111 CONTINUE

IF(XX.LE.CAT) GO TO 2222
IF(XOUNT.EQ.0) GO TO 3333
WRITE(LUNOUT,20) CAT,KOUNT
KOUHT=0

3333 CONTINUE

CAT=CAT+CATINC
GD TO 1111

2222 CONTINUE

100

10
20

KOUET=KOUNT+1

CONTINTE

WRITE(LUEOUT,20) CAT,KOUNT

RETURN

FORMAT(////1E ,10X,?FREQUENCY TABLE’,/)
FORMAT(1H ,10X,F10.2,I10)

END

THIS IS AN EYAMPLE OF THE SUBROUTINE EVAL.

THIS IS FOR THE OXIDATION OF BENZENE WITE THE PARAMETERS IY TEE
NUMERATOR DETERMNIRED INDIVIDUALLY

SUBROUTINE EVAL(PARAM,I,ITASK,WK1,IFAIL,X)

INTRGER I,ITASK,IFAIL.X,ON

REAL PARANM(3),¥¥1(6),YVAL,B,X1,X2,13,14,X5,18,17
COMMON X1(99),X2(99),X3(96),X4(99),X6(90),X6(99),17(88)
DATA ZER0/0.0E0/

IFAIL=0

IF(ITASK.NE.C) GO TO 1111
WE1(1)=PARAM(1)=PARAM(2)eX1(I}*X2(I}/
+(PARAN(1) X1 (I)+PARAN{2) *X2(I)*13(1))

RETURN

1111 CONTINUE

IF(ITASK.NB.1) GO TO 2222
TVAL=PARAM(1) «PARAM(2)sX1{I)*X2(1)/
+(PARAM(1)oX1(T)+PARAN(2)»X2(I)+X3(2))
B=PARAM(1)*X1{T)+PARAM(2) «X2(I)+X3(I)
WK1(1)=YVAL/PARAM(1)-TVAL#X1(I)/B
WK1(2)=YVAL/PARAN(2)-YVAL+X2(I)+X3(I)/B
RETURN

2222 CONTINUE

IP(ITASK.NE.2) G0 T0 3333
YVAL=PARAM(1)»PARAM(2)*X1(T)*X2(1)/
+(PARAM(1) Xt (I)+PARAM(2)»X2(T)+X3(I))
B=PARAM(1)#X1({I)+PARAN(2)*I2(I)*X3(1)
WK1{1)=-2,0eX1(1)*YVAL/PARAM(1)/B+2,0=X1(I)»s2e VAL /Bes2
WK1(2)=YVAL/PARAM(1)/PARAM(2)-X3(I)*X1(I)+YVAL/PARAN(1)/B
+-X2(I)*IVAL/PARAM(2) /B+2.0X1(I)»X3(I)»X2(I)«YVAL/
+B&n2
WE1(3)=-2.0#X2(I)*X3(I)*YVAL/PLRAN(2)/B+2.0%(X3(I)*X2(I))%e2e
+YVAL/Ba%2

RETURY

3333 CONTINUB

IFAIL=1
RETURKN
END
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SUBROUTINE GHRATE(PIEAH,SD,HPTS,LUHOUT,T,IFAIL,DSEED)

DOUBLE PRECISION DSEED

INTEGER NPTS,4,I,LUNOUT,ITASK,IFAIL
REAL Y(1),PAR4AM(1),ERR(2),5D,"
IFAIL=0

=0

1111 CONTIXUE

100

CALL NORMAL(ERR ,DSEED)

DO 100 I=1,2

H=N+1 .

IF(N.GT.NPTS) GO TO 2222 .

ITL1SK=0

CALL EVAL(PARAM,¥,ITASK,W,IFAIL,HPTS)
IF(IFAIL.NE.O) GO TO 3333
T(N}=W+ERR(I)*SD

CONTINUE

GO0 TO 1111

2222 CONTINTE

RETURY

3333 CONTINUE

10

100

200

IFAIL=8

WRITE(LUNOUT,10)

RETURN

FORMAT(//1H ,?ws« SUBROUTINE GNRATE USER-FLAGGED ERROR ’,
+'I¥ SUBROUTINE EVAL',//)

END

SUBROUTINE MOMENT(X,N,M1,VAR,G1,G2)

INTEGER ¥,1I

REAL X(1),XX,XIN,M1,M2,VAR,M3,M4,61,62,Z2ER0,0NE, THREE, FLOAT,
+  SQRT

DATA ZERO/0.0E0/,0NE/1.0E0/,THREE/3.0E0/
IN=FLOAT(R)

M1=ZERO

DO 100 I=1,N
M1=M1+X(1)

CONTINUE

M1=H1/IN

M2=ZERD

M3=ZERO

M4=ZERD

DO 200 I=1,N
IX=X(I)-M1
M2=H2+IX*w2
M3=M3+IX*»3
Ma=Ng+XInwd
CONTINUE

M2=M2/IN

M3=M3/XN

M4=M4/IN
VAR=M2+XN/(I¥-ONE)
G1=M3/(M2+SQRT(M2))
G2=N4/(M2%»2)~THREE
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gas8

100

111

2222

300
200

RETURN
END

SUBROUTINE NORMAL(ERR,DSEED)

REAL ERR(2),Ei,E2
DOUBLE PRECISION DSEED
CALL GGNML(DSEED,1,Et)
CALL GGNML(DSEEB,1,E2)
ERR({1)=El

ERB(2)=E2

RETURY

END

SUBROUTINE SOLVE(Y,PARAM,ALPHA,NITS,NPTS,NP,YD1,LUNOTUT,JOB,
+  VARC,RSS,IFAIL,DERIVS,QRAUX,JPVT,DIFF,WK1)

INTEGER JPVT(1),IFAIL,NPTS,XP,KITS,ND1,LUNOUT,JOB,
+ I1,J,K,L,ITER,ITASK

REAL DERIVS(NPTS,1),VARC(UD1,1),7(1),PARAM(1),DIFF(1),
+ WK1(1),QRAUX(1),DUM(1),COR(SE),
+ ALPEA,RSS,RES,TEST,RESVAR,ACCUM,DENOM,ABS,FLOAT,ZERD,ONE
LOGICAL CHVRGD,PRNPAR

DATA ZERO/0.0EG/,ONE/1.0EOQ/

IFAIL=0

PRNPAR=10B/10000.XE.0

IF(.NOT.PRNPAR) GO TO 1111
YRITE(LUWOUT,10) (I,I=1,¥P)

RSS=ZERD

PO 100 I=1,WPTS

ITASK=0

FORMAT (B12.6,318)

CALL EVAL(PARAM,I,ITASK,WK1,IFAIL,NPTS)
IF(IFAIL.NE.0) GO TO e6se
RBS=Y(I)-WK1(1)

RSS=RSS+RES*RES

CONTINUE -
WRITE(LUNOUT,20) RSS,(PARAM(I),I=1,NP)
CONTINUE

ITER=1

CONTINUE

DO 200 I=1,NPTS

ITASK=0

CALL EVAL(PARAM,I,ITASK,WKi,IFAIL,NPTS)
IF(IFAIL.FE.0) GO TO 6666
DIFF(I)=Y(I)-WK1(1)

ITASK=1

CALL EVAL(PARAM,I,ITASK,WK1,IFAIL,NPTS)
IF(IFAIL.NE.O) GO TO 6666

DG 300 J=1,NP

DERIVS(I,J)=WK1(J)

COXTINUE

CONTINUR

DO 400 I=1,§P

JPYT(I)=0
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600

3333

800

§00
700

4444
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CONTINUE
CALL SQRDC(DERIVS,NPTS,NPTS,NP,QRAUX,JPVT,WK1,1)
CALL SQRSL(DERIVS,MPTS,NPTS,NP,QRAUX,DIFF,0DUM,DIFF,WK1,DUM,DUN,
+ 100,IFAIL)

IF(IFAIL.NE.0) GO TO 5EEB

CNVRGD=,TRUE.

DO 50O I=1,NP

J=JPVT(I)

PARAM(JI)=PARAM(JI)+WK1(I)
IF{PARAM(J).GT.1.0E0.OR.PARAM(J).LT.-1.0E9) THEN

IFAIL= 9
RETURN

BEND IF

DENOM=PARAM(I)

IF(DENONM.EQ.ZERO) DENCM=ONE
TEST=WK1{X)/DENCM

IF(ABS{TEST).GT.ALPi'A) CHVRGD=.FALSE.
CONTINUR

RSS=ZERO

DD 600 I=1,4PTS

ITASK=0

CALL EVAL(PARAM,I,ITASK,"Ki,IFAIL,NPTS)
IF(IFAIL.NE.0) GD TO 6666
RES=Y(I)-WK1(1)

RSS=RSS+RES*RES

COUTINUE

IF( .NOT.PRNPAR) GO TO 3333
WRITE(LUNOOT,20) RSS, (PARAM(I),I=1,YP)
CONTINUE

ITER=ITER+1

IF(ITER.GT.NITS) GD TO 4444
IF{.NOT.CNVRGD) GO TD 2222
IF(KPTS.EQ.NP) GO TOQ 7777

C4LL STRDI{DERIVS,NPTS,NP,DUM,011,IFAIL)
IF(IFAIL.NE.0) €O T0 5EGB
RESVAR=RSS/FLOAT(NPTS-NP)

DO 700 I=1,NP

Do 800 J=I,RP

ACCUM=2ZERD

DO 900 K=I,4P
ACCUM=ACCUM+)ERIVS{X,K)*DERIVS(J,K)
CONTINUE

ACCUM=ACCUM»RISVAR

K=JPUT({I)

L=JPVYT(1)

VARC(X,L)=ACCTM

VARC(L ,K)=ACCUM

CONTINUE

CONTINUE

CALL DSPLAY(Y,VARC,PARAN, WK1,RESViR,NPTS,NP,HD1,
+ LUNOUT,JOB,IFAIL)

IF(IFAIL.XE.0) GO TOD &860

RETORY

CONTINUE

WRITE(LUNGUT,30) HITS
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55656

é6aa

7T

10
20
22
30

40
B0

60

10

20

30

40

IFAIL=1

RETURN

CONTINDE

WRITE(LUNQUT,40)

IFAIL=2

RETURN

CONTINUE

WRITE(LUNOUT,BE0)

IFAIL=8

RETUAN

CONTINUE

WRITE(LURQUT,80)

IFAIL=90

RETURN

FORMAT(//1E ,13X,'PARAMETERS ESTIMATES®,

+/18 ,1BX,'RSS!',9(f13)/(1H ,13X,8(113)))

FORMAT(iE ,5X,10(E13.8)/(1H ,13X,9(E13.8)))

FORMAT(1EH ,'COR',16X,8(E13.8))

FORKAT(//1E ,'=»» SUBROUTINE SOLVE CONVERGENCE HNOT ',
+?ACHIEVED AFTER’,2X,I10,2X,*ITERATIONS®,//)

FORMAT(//4R ,?w*% SUBRODTINE SOLVE SINGULAR MATRIX',//)
FORMAT(//1E ,?w++ SUBROUTINE SOLVE USER FLAGGED ERROR’,
+! IN SOUBROUTINE BVAL',//)

FORMAT(//1E ,'==» SUBROUTINE SOLVE RESIDUAL VARIANCE ZERQ',//)
END

SUBROUTINE SORT(4,II,JT)

INTEGER IU(16),IL(16),I,1I,J,3J,IJ,K,M,L
REAL &(1),T,TT
M=1
I=II
J=11
IF(I.GB.J) GO TO 70
K=I
IJ=(I+1)/2
T=4(LJ)
IF(A(I).LE.T) GO TO 20
4(X1)=A(I)
A(I)=T
T=4(1J)
L=J
IF(A(J).GE.T) GO TO 40
L{(IN)=4(T)
A(J)=T
T=4(1J)
IF(A(I).LE.T) GO TO 40
A(I2)=a(I)
A(I)=T
T=4(11)
GD TO 40
A(L)=A(K)
ACK)=TT
=L-1
IF(A(L).GT.T) GO TO 40

17
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60

60

70

80

90

100

1111

TT=4(L)

K=K+1

IF(a{X).LT.T) GO TO EBO
IF(K.LE.L) GO TO 30
IF(L-I.LE.J-X) GO TO 80
IL(M)=I

ID{M¥)=L

I=K

M=H+1

€0 TO BO

IL(M)=K

IG(M)=]

J=L

H=M+1

GO TO 80

H=M-1

IF(X.EQ.0) RETURN
I=IL(M)

J=IU(M)

IF(J-I.GE.11) GO TO 10
IF(X.EQ.II) GO T0 B
I=1-1

I=I+1

IF(I.EQ.J) GO TO 70
T=A(I+1)

IF(A(I).LE.T) GO TO 90
K=I

A(K+1)=4(X)

K=K-1

IF{T.LT.A(K)) GO TO 100
A(K+1)=T

GO TO 90

END

SUBROUTINE SUMBY{STMATE,NSIM,LUROUT,JOB,IFAIL,PARAN,W,BIAS,
+ITXI,RVAR, JOB2 ,NP)

INTEGER NSIM,LUNOUT,JOB,MOD,I,IFAIL,W,XK,JOB2,NP
REAL STMATE(1) ,MEAN,VAR,G1,G2,PARAM(1),BIAS(1),BIASS,PBIAS,BIASH,
+XTXI(NP,NP), TAVAR,STDER,Z%,STDND,CHI2Z,PEVAR

LOGICAL PRNVAL,PRNMOM,PRNFRQ

PRNVAL=JOB/100.¥E.0

PRNMOM=MOD(JOB,100)/10.KE.0

PRNFRQ=NOD(JOB,10).NE.0

CALL SORT(STMATE,1,NSIK)

IF{.NOT.PRYVAL) GO TO 1111

WRITE(LUNOUT,10) (STMATE(I),I=1,HSIN)

CONTINUE

IF(NSIM.LE.1) GO TO 4444

CALYL MOMENT(STMATE,NSIM,MEAN,VAR,G1,62)

IF(.BOT.PRNMOM) GD TO 2222

BIASS=MEAN-PARAN(W)

PBIAS=BIASS/PARAM(W¥)*100.0

BIASR=BIAS(W)/PARAM(W)*100.0

TAVAR=XTXI(W,W)sRVAR
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STDER=SQRT(TAVAR/FLOAT(RSIM))
STDHD=BIASS/STDER
CHIZ2=FLOAT(NSIM-1)*VAR/TAVAR
ZZ=SQRT(2.0«CHEI2)~44.688
PEVAR={VAR-TAVAR)/TAVAR*100.0
IF(30B2.8E.1) GO TD B§
WRITE(LUNOUT,31) PARAM(W)
WRITE(LUNOGY,32) MEAN
WRITE(LUNOUT,23) BIAS(W)
WRITE(LUKOUT,34) BIASS
WRITE(LUNOUT,35) BIASRE
WRITE(LUNOUT,368) PBIAS
WRITE(LUNOUT,37) STDND
WRITE(LUNOUT,38) TAVAR
WRITE{LUNOUT,39) ViR

. WRITE{LUNOUT,41) PEVAR

58
2222

3333

4444

10
20
31
32
a3
34
36
as
ar
a8
a9
41
42
43
44
40

B0

WRITE(LUNOUT,42)

WRITE(LUNOUT,43)

WRITE(LUNOUT,44) ZZ

WRITE(LUNODT,40) 61,62

CONTINUE

CONTINUE

IF(.HOT.PREFRQ) GO TD 3333

CALL FREQNC(STMATE,NSIM,MBAN,VAR,LUNOUT)
CONTIKUR

RETURN

CONTINUE

IFAIL=7

WRITE(LUROUT,50)

RETURN

FORMAT(////1R ,10X,'ORDERED VALUES’,//(1H ,10F12.8))

FORMAT(///1K ,10X,°MOMENTS OF DISTRIBUTION’)

FORMAT(/1H ,'THE PARAMETER ESTIMATE FROM REGRESSIDN IS:’,E16.4)
FORMAT(1H ,'THE PARAMETER ESTIMATE FROM SINULATION IS :',E16.6)
FORMAT(/AH ,'THE ACTUAL BIAS AS DETRMINED BY BOX:',E16.8)
FORMAT(4E ,'THR BIAS FROM SIM IS GIVEYN BY SIM-AEG:',E16.6)
FORMAT(/1R ,'% BIAS AS DETERMINED BY BOX:’,E18.6)

FORMAT(1E ,?%, BIAS AS DETERANINED BY SIM:’,E18.6)

FORMAT(/1H ,’THE SIM BIAS CORRESPONDS TOA STD.NORM.DEV OF:',E16.6)
FORMAT(/1H ,*THE TRUE ASYMPTOTIC VARIANCE OF PARAMETER IS:’',E16.6)
FORMAT(4E ,’THE PARAMETER VARIANCE FROM SIMULATION IS :',B16.6)
FORMAT(1H ,’TBE % EXCESS VARIANCE IS SIM-REGRESSION VAR :',F10.3)
FORMAT(1H ,?TBE FOLLOWING STATISTIC IS COMPARED TO 4 STANDARD @)
FORMAT(1H ,?NORMAL DISTRIBUTION FOR SIK VAR SIGHNIFICANTLY *)
FORMAT(1H ,?DIFFERENT FROM TRUE ASYMP VARIANCE :',F18.6)
FORMAT(//1H ,10X,'SKEWNESS COEFFICIENT’,1X,F20.9,//1H ,
+10X, 'EXCESS KURTOSIS',6X,F20.0)

FORMAT(//1E ,'s=+ SUBROUTIKE SUMRY TOO FEW DEGREES OF ',
+?FREEDOM!,//)

END
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SUBROUTINE WATIS(4,BILS,PARAM, C1,C2,XPTS,NP,LUKQUT,JOB)

PRYC=MOD(JOB,10).HUE.0O

INTEGER ¥PTS,LP,LUNOUT,JOB,X0D,I,J.K

REAL A(HPTS,NP,1),BIAS(1),PARAK(1),C1,C2,PERCEN,ZEROD,EUNDAD
LOGICAL PRNC,PRNB,PREA

DATA ZER0O/0.0E0/,EUNDRD/1.0E2/
PREC=MOD(J0B,10).NE.0
PANB=M0D{JOB,100)/10.5E.0
PRNA=MOD{JGB,1000)/100.KE.0

IF(.HOT.PREA) GO TO 1111

WRITE(LU¥OUT,10)

DO 200 I=1,NP

WRITE(LUNOUT,20)

DO 300 J=1,¥P

WRITE(LUNOUT,30) (4(I,J,X),K=1,¥P)

CONTINUE

CONTINUE

CONTINUE

IF(.HOT.PRNB) GO TO 3333

WRITE(LUNOUT,40)

Do 400 I=1,%P

IF(PARAM(I).EQ.ZERO) GD TO 2222
PERCEN=BIAS(I)/PARAK(I)*EUNDRD
WRITE(LUNOUT,50) I,PARAM(I),BIAS(I),PERCEN

GO TO 400

CONTINUE

WRITE(LUNOUT,50) I,PARAM(I),BIAS(I)

CONTINUE

CONTINUE

IF(.NOT.PRYNC) GO TO 4444

WRITE(LUXOUT,80) €1,C2

CONTINUE

RETURN

FORMAT(//1E ,10X,'ACCELERATION ARRAY’,
+* (PARAMETER EFFECTS PORTION)?)

FORMAT(/1E )

FORMAT(1H ,10X,10F12.4)

FORMAT( /iH ,10X,°BOX S BIAS*, //1iH ,8X,°PARAMBTER’,2X,
+'LS ESTIMATE’,08X,'BIAS',12X,PERCENT BIAS',/)
FORMAT(1H ,6X,'PARAMETER',I2,2216.8,F16.4)
FORKAT(/1E ,10X,'MAXINUM CURVATURE MEASURES’,//1H ,
+'INTRINSIC (IH)’,11X,F12.4/1R ,'PARAMETER-EFFECTS (PE)’,
+3X,F12.4)

END
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Appendix F

Fortran Code for Confidence

Regions

The following exec is used to compile, define input and output files, and run the
program TREG as a batch program. TREG is used to obtain points defining the
boundary of the exact-shape confidence regions with significance at the a =~ 0.05
level and the linear approximate-shape confidence regions with significance at the
a = 0.05 level. As with simulating experiments, it is suggested that TREG is run
in batch mode. I only linear approximate confidence regions are required then
interactive mode is acceptable as computations are demanding only for the exact-
shape confidence regions. MDCPC is the user’s identifier on the computing system

(one using CMS); replace this with your own identifier.

&TRACE OFF

GLOBAL TXTLIB VLEKMLIB VFORTLIB CMSLIB IMSLDLIB LINPACX PLOTLIB
PURTVS TREG

FILE 5 DISK XY DATA(LRECL 80 BLKSIZE 80 RECFM F PERM

FILE 8 DISK TABG DATA(LRECL 80 BLKSIZE BO RECFM F PERM

FILE 8 DISK TAEG RESULT i (PERM RECFM F LRECL 132

FILE 12 DISK AREGL DATAA A (PERM RECFX F LRECL 132
FILE 13 DISK ARBG2 DATiA A (PEREN RECFK F LRECL 132
FILE 14 DISK ARBGS DATAA L (PERM RECFM F LRECL 132
FILE 16 DISK ARRG4 DATAA 4 (PERN RECFM F LRECL 132
FILE 16 DISK ARRCE DATAA L (PERN RECFM F LAECL 132
FILE 17 DISK AREGS DATAL A (PERM RECFM F LRECL 132
FILE 27 DISK BREG1 DATAL A (PERM RECFM F LRECL 132
FILE 28 DISK EREG2 DATAA A (PERM RECFM F LRECL 132
FILE 290 DISK ERBG3 DATAA A (PERM RECFM F LRECL 132
PILE 30 DISK EREG4 DATAL A (PERM RECFM F LRECL 132
FILE 31 DISK BREGE DATAA A (PERM RECFM P LRECL 132
181
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FILE 32 DISK EREGS DATZi i (PERM RECFM F LRECL 132
LOAD REGJUU (CLELR START

EXEC SENDFILE AREG1 DATAA TQ MDCPC AT UOTTAWA
EIEC SENDFILE AREG2 DATAA TO MDCFC AT UOTTAWA
EXEC SENDFILE AREG3 DATii TO MDCPC AT UOTTAWA
EXEC SENDFILE AREG4 DATAL TO MDCPC AT GOTTAWA
EXEC SENDFILE AREGH DATAA TO MDCPC AT UCTTAWL
EXEC SENDFILE AREGS DATAL TO MDCPC AT UOTTAWA
EXEC SENDFILE EREG1 DATAA TO MDCPC AT UOTTAWA
EXEC SENDFILE EREG2 DATAL TO MDCPC AT UUTTAWA
EXEC SENDFILE EREG3 DATAA TD MDCPC AT UOTTiVA
EXEC SENDFILE EREG4 DATAL TO HDCPC AT UOTTAWA
EIEC SENDFILE EREGE DATAL TD HDCPC AT UOTTAWA
EXEC SENDFILE EREGS DATil TO MDCPC AT UOTTAWA
EXEC SENDFILE TREG RESULT TO MDCPC AT UGOTTAWA
&EXIT
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The following file is read by TREG and supplies the number of observations,

number of parameters etc.

INPUT DATA FOR PROGRAM FINDING CONFIDENCE REGIOKS
TAN, PROPYLENE OXIDATION, MODEL FORM MO, 350 C

12 (I) NUMBER OF OBSERVATIONS

2 (I) FUMBER OF PARAMBTERS

0.0004 LEAST SQUARES ESTIMATE FU3 PARAMETER 1
10.000 LEAST SQUARES ESTIMATE FOR PARAMETER 2
] {I) ¥UMBER OF VARIABLES

1.000 SCALTNG FACTOR FOR VARTABLE 1

1.000 SCALING FACTOR FOR VARIABLE 2

1.000 SCALING FACTOR FOR VARIABLE 3

1.000 SCALING FACTOR FOR VARTABLE 4

1.000 SCALING FACTOR FOR VARIABLE 5

1.000 SCALING FACTOR FOR THE RESPONSE

The following is the program TREG used to obtain the exact shape and linear
approximate shape confidence regions presented in Section 4.2. The linear approxi-
mate confidence regions are determined in the subroutine MIKE, written by Michael
Margerum (1987). The points on the elipse are found by solving Eq. 2.18. When
a model has more than two parameters, conditional linear approximate confidence
regions are found by fixing all but two of the parameters. Eq. 2.18 can he solved
by fixing one of the two parameters, this results in a quadratic equation which can
be solved for the other parameter. Some user interaction is required to determine
the step size used, typically 100 to 300 points usually produce an acceptable plot
of the confidence regions, however this should always be verified.

The exact shape confidence regions are determined in the subroutine XXACTN.
Again some user interaction is required to determine a suitable step size so that a
reasonable number of points defining the region are obtained. The number of points
required for an acceptable plot may vary greatly. When the degree of nonlinearity
is low (both reduced curvatures < 4) 100 to 300 points may be sufficient. When
highsr degrees of nonlinearity are encountered the exact shape confidence region
may be elongated, necessating a larger number of points, again piots should be used
to verify that the region is well determined. Problems may be encountered when
determining the exact shape confidence regions for the pre-exponentiel constant and
activation energies in the original form ofthe Arrhenius equation. These confidence
regions often result in extremely elongated crescents (see Section 2.5). Unless the

search for points along this elongated portion are stopped at some pre-determined
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value ( say 100 times the value of the parameter itself) run time errors are usually
obtained or a ndicnlously high number of points are generated. This problem has
heen addressed by putting such an upper limit on the parameters place and also by
increasing the step size used after predetermined numbers of points on the contour
have been found (see comments in the program itself).

Finding an acceptable step size is further complicated when there are more than
2 model parameters, a suitable step size for one parameter may be to coarse for
another parameter. A strategy to minimize wasted effort and computing time would
be to use a coarse step size for all parameter pairs. Then based on the number
of points obtained for each pair, reset the step size for each pair of parameters
individually. Again, the user is forwarned, you will run into problems using this

program, particularly with models involving exponentials!
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cceececeeeccecccoececceececceecceeccececccececceceececeeeececeeceeecceeecceeeccece

WRITTEN BY MAURQ DAL-

ARE WRITTEN TO FILES
AREG2
AREG2

AREG3
AREGS

VIA BATCH IS AD

STEP SIZE.

NONLINEAR REGRESSION

TEE INPUT REQUIRED IS

nooanooaonoocOoOcoanaaonNaoanaonooaoonNaoonNnOoOn0OaaO0N0OnNO0ocaOnNnNO00a0an

CIN, 1987

CALLED, RESPECTIVELY:

DATAL & EREG1
DATAL A EREG2
DATIA A EREG3
DATAL EREG4

VISED.

PROGRAM.

THIS PROGRAM IS USED TO GENERATE THE LINEAR APPROXIMATE CONFIDENCE
REGIONS AND THE EXACT SHAPE CONFIDENCE REGIONS FOR A NONLINEAR
MODEL. OUTPUT IS IN THE FORM OF SEPERATRE FILES FOR EiCH TYPE OF
REGION FOR EACH PAIR OF PARAMETERS. APPROXIMATE AND EIACT REGIONS

DATAA A
DATIA A
DATAL A
DATAL A

ETC.

SOHME POINTS TO NOTE WHEN RUNNING THIS PROGRANM:

VHEY THE EIACT SEAPE REGION IS CALCULATED RUNNING TIME

MAY BE EXCESSIVE, PARTICULARLY IF THE STEP SIZE IN
SUBROUTINE XXACTH IS SMALL, THE REGION IS LARGE OR SETERAL
REGIONS ARE BEING FOUND. AS SUCH RUNNING THIS PROGRAM

WEEN DEALING WITE 4 MODEL WITH 3 OR HORE PARAKETERS, i
GIVEN STEP SIZE MAY NOT BE APPROPRIATE FOR ALL THE PAIRS

OF PARAMETERS. IN SUCH CASES IN IS ADVISABLE THAT 4 SMALLER
STEP SIZE BE USED FOR ALL TEE REGIONS, THOSE WITH TGO FEW
POINTS CAN BE REDETERMINED INDIVIDUALLY WITH AN APPROPRIATE

A SUITABLE NUMBER OF POIRTS FOR EACH REGION CAN RUN ANYWHERE
FROX 100 TOD 300. IF MORE POINTS ARE KEPT PROBLEMS CAN BE
ERCOUNTERED DUE TO EXCESSIVE SPACE UTILIZATIOX OF GNE'S DISC

THE MODEL FORM AND ITS 1ST DERIVATIVES ARE REQUIRED AND ARE FOUND
I8 THE SUBROUTINE EVAL, WHICH IS THE SAME AS THAT USED IN TEE

THE NUMBER OF DATA POINTS
THE NUMBER OF PARAMETERS
THE LEAST SQUARES ESTIMATES

THE NUMBER OF VARIABLES

SCALING FACTORS FOR THE VARIABLES
SCALING FACTORS FOR THE RESPONSE

THE DATA ITSELF (OPERATING VARIABLES AND

RESPONSE)

THE SUBROUTINE ELIPS CALLS THE SUBROUTINE MIKE (WRITTEN BY MICEEAL
MARGERUM 1987) AND CALCULATES THE LINEAR APPROXIMATE CORFIDENCE
REGIONS FOR EACH PAIR OF PARAMETER ESTIMATES. IN CASES WHERE THE
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c
c
¢
c

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC

c
c
c
c
c
c

100

CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCOCCCCCCCCCCCCC

1

MODEL HAS MORE THAN 2 PARAMETERS THE CONFIDENCE REGIONS ARE
CONDITIONAL ON THE OTHER PARAMETERS BEING FIXED AT THEIR LEAST
SQUARES ESTIMATES.

INTEGER §PTS,NP,I,J,NS,Z,W,P,J0B3,00T,D,

+ 0UT2,S5ET

REAL Y(99),PARAN(3),PAR(3),DP(3),WK1(8) ,IF(7),

+ RSS,VAR,FLOAT,SQRT,DET,XTX(3,3),STP,COAV(9099,2),
+ ITII(S,B),DEIVS(BGB.B).DEIVT(a,BBO),EVLE,F{iBQ),G,T(3,3)

CHARACTER#132 TITLE1

COMMON X1(98),X2(99),X3(56),X4(98),I6(99),X8(89),X7(99)
RE4D(8,1)} TITLE1

READ(B,1) TITLE1

READ(S8,») HPIS

WRITE(6,=) * THE NUMBER OF OBSERVATIONS',HPTS
READ(8,=) P
WRITE(S,*) THE NUMBER OF PARAMETERS ’,NP

DD 100 I=1,NP
READ(8,+) PARAM(I)
YRITE(G,*) 'LEAST SQUARES ESTIMATE OF PAMAMETER',I,’=? NPTS
CONTINUE
READ(8,*) NViR
YRITE(S,s) ? NUMBER OF VARIABLES = ', HVAR
DO 200 I=1,NVAR
READ(8,») IF(I)
WRITE(S,=) * SCALING FACTOR FOR VARTABLE',I,’=',XF(I)
CONTINUE
READ(8,*) YF
WRITE(8,+) °* SCALING FACTOR FOR TEE RESPONSE = °,Nt °
PR=0.86
D1=NP
D2=1
DO 300 I=1,99
CALL MDFI(PR,D1,D2,FSTAT,IER)
F(I)=FSTAT
D2=p2+1

300 CONTINUE
CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCGCCCCGCCCCCCCCCCCCCCCCCCCCCCCC

THE READ STATE MUST BE MODIFIED TO MATCE THE PARTICULAR DATA FILE

BEING USED, BY ADDING OR DELETIEG OR CEANGING THE ORDER OF
OCCUREXCE OF THE ARRAYS.

WRITE(6,1)} TITLE1
FORMAT(4132)
DO 400 I=1,NPTS
READ(B,*) Ii(I).Iz(I).IS(I),Ié(I).IE(I).IG(I).I7(I).Y(I)
WRITE(S,*) X1(I),X2(I),X3(I),X4(I),XE(I),X6(I),X7(I),Y(I)
T(I)sY(I)wYF ‘
X1(I)=XF(1)»X1(1)
12(I)=XF(2)*X2(I)
X3(I)=IF(3)»13(I)
14{I)=XF(4)*x3(I)

186



sl punl el pmey  jeent e sl el el (med jemm  bmed  jm bued BNW MM OPW MW W

APPENDIX F. FORTRAN CODE FOR CONFIDENCE REGIONS 187

I5(I)=XF(B)*14(I)
I6(1)=IF(8)*X6(I)
I7(I)=XF(7)~16(I)
400 CONTINUE
IFAIL=0
CCCCCCCCCCCCCCCCeteCCCCtCCCCCoCCCCCCCCECECCCCCCeTCCCCCtCCCCCCCCCCerees
c

C IF SET = 1 THEN IXACTN CALCULATES ONLY RSS EEEDED BY BLIPS

€ SUBROUTIEE IXACTY DETERMINES TEE EIACT SHAPE CONFIDENCE REGIONS

C SUBROUTINE DOD CALCULATES ITII ¥REICH IS NEEDED BY SUBROUTINE ELIPS

C  SUBROUTINE BLIPS DETERMINES THE AFPROIIMATE SHAPR CONFIDENCE REGIONS
c
c

CCCTCCCCCCCCCCCTCCCCCLiCCCCCCeCCeletctetoceCCCcCttCCCCeCCleCCCeCCCaeree
SET=0
CALL XXACTN(NP,NPTS,PARAN.F,Y,0UT2,RSS,PAR,SET)
CALL DOD(N¥P,NPTS,PARAM,IFAIL, UK, DET,XTX,XTXI,DRIVS,DRIVT,T)
CALL ELIPS(NP,NPTS,PARIM,ASS,F,ITX,O0UT,DP,CONY)
ST0P
END

ceceececscccocococccececcoeccecccecccceececceccoececeeeccceceecececcecsecceceeece

IN SUBROUTINE ELIPS TEE CALLS TO SUBROUTINE MIKE ARE CONTROLLED

BY LOOPS 1 AND 2. THE VARIABLE OUT REPRESENTS THE FILE NUMBER TO
WHICH OUTPUT FOR THAT PARAMETER PAIR IS WRITTEK.

oaaonoanon

¢ceciaceccceccccceeciececccceeceeceeccecceececceLeecceccecaceecceeceacceece
SUBROUTINE ELIPS(HP,¥PTS,PARIM RSS,F,ITX, OCT,DP,CORV)
INTEGER I,J,K,M,¥,SIGNI,COUNT,CNTP,CNTN,OUY,i, NP, NPTS
REAL RHSD,F({99),DP{¥P),SIGNJ,TEST,CONV(SS0,NP),FLOAT,P1,P2,P3,

+ PARAM(NP) ,ITXI(RP,EP)

T=NPTS-NP
RESD=F(T)*RSS*FLOAT(NP)/FLOAT(NPTS-NP)
WRITE(E,+) ¢

WRITE(4,+) ?IN¥ SUBROUTINE ELIPS’®
WRITE(S,*) °*F=',F{T),'RSS=?,RSS
WRITB(S,*) *NP=! NP, 'NPTS=! NPTS
WRITE(6,*) *TEE RHSD=',RHSD
WRITE(G,*} ° '
DO 56 III=1,8P

WRITE(6,1230) (XTX(III,J),J=1,HP)

b6 CORTINUR
WRITE(O,*) 4 !
1230 FORMAT(1X,8(2X,B11.4))
ouT=12
P01 I=1,2
IT=1+1
Do 2 I1=IT NP
CALL MIKE(RHSD ,PARAM, ¥P,I,J,XTX,00T)
GUT=00T+1
2 CONTINUB
1 CONTINUB
RETURN
END

ccceeeoccceecccecececcecccccccccccccccceccoeecceccccccccecececcccccccececcccace
c
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TEIS SUBROUTINE CALLED DOD WILL CALL EVAL NPTS TIMES AND CONSTRUCT
AN NPTS+NP MATRIX OF FIRST DERIVATIVES CALLED DRIVS. THE TRANSPOSE
OF DRIVS IS STORED IN DRIVT(NP+NPTS). THEN XITX=DRIVTsDRIVS IS
CALCULATED. TEE INVERSE OF ITX (SYMMETRIC) IS DETERMINED BY 4
CHOLESKY DECOMPOSITIODY IN TWO STAGES, THE INTERMIDIATE BEING STORED
IN T(NP=NP). THE FINAL INVERSE IS IN ITII.

oOOoOoOao0Oo00n0n

CCCCCCCCCCCCCCLCCCCCLCCCLLCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCTOCCeCCOeeces
SUBROUTINE DOD(NP,NPTS,PARAM,IFAIL,WEL DET,XTI,XTII,DRIVS,DRIVT,T)
INTEGER I,X,J,ITASK,IFAIL,NP,¥PTS,M
REAL SH1,5N2,SM2,SM1,WK1(1),DRIVS(999,HP),DRIVT(KP,999),

+XTYI(NP NP), XTX(KP,HP),T(¥P,¥P),DET,S,Q,0,PARAM(NP)
IFAIL=0
D0 EO1 I=1,NPTS
ITASK=1
CALL EVAL(PARAM,I,ITASK,WK1,IFAIL)
DO 502 J=1,NP
DRIVS(I,J)=0.0
DRIVS(I,3)=WK1i(J)

502 CONTINUE

501 CONTINUE
DO 503 I=1,¥PTS

b0 604 J=1,NP
DRIVT(3,I)=0.0
DRIVT(J,1)=DRIVS(I,J)

604 CONTINUE

E03 CONTIRUE
DO 1 I=1,%P

DO 2 J=t, %P
ITX(1,3)=0.0
ITII(I,1)=0.0

T(I1,1)=0.0
2 CONTINUE
1 CONTINUE
DO 50B I=1,NP
D0 506 I=1,NP

DO 607 K=1,NPTS
ITX(I,J)=XTX(I,J)+DRIVI(I,K)*DRIVS(K,J)
60T CONTINUE
508 CONTINUE
506 CONTINUE
SN1=0.0
SE2=0.0
SM1=0.0
SM2=0.0
DO 111 I=41,NP
DO 222 J=I,NP
IF(I.¥E.J) GO TO 370
M=I-1
DO 333 K=1,4
SH1i=SNi1+T(K,1)*»2
333 CONTINUE
T(I,J)=SQRT(XTX({I,J)-SH1)
SH1=0.0
GD TO 430

188
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370

144

430

222

111

777

E70

888

840
846
1113

CONTINUE
M=I-1
DO 444 K=1,M
SM2=SM2+T(K,I)*»T(X,T)
CONTINUE
T(I,J)=(XTX(I,3)-5M2)/T(I,I)
T(J,1)=T(1,3)
5M2=0.0
CONTINUE
CONTINGR
CONTINUE
DO 6B J=YP,1,-1
DO 686 I=J,1,-1
IF(X.NE.J) GO TO 670
M=1+1
DO 777 X=M,NP
SU1=5E1+T(I,K)*ITXI(I,X)
CONTINUE
ITIT(I,I1)=1.0/T(T,I)»»2~-581/T(I,I)
SN1=0.0
GO TO 840
CONTINUE
M=1+1
DO 888 K=M,HP
SH2=5SH2-T(I,K)*XTXI(K,J)
CONTINUE
ITXI(I,J)=SH2/T(I, I)
ITIT(I,I)=5u2/7T(Z,I)
542=0.0
CONTINUE
CONTINUE
COXTIKUE
RETURN
END

cccececceecceccocccececceceeceeececeeccececcecececocececccccccececccecccccccccccece

c
i
c
c
¢
c
¢
c
¢
c
c
c
c
c

IN SUBROUTINE MIKE THE POINTS ON THE ELIPSE ARE FOUND BY CHOOSING
A VALUE FOR THE *U’ PARAMETER. THE 'W? PARAMETER CAX BE FOUND BY
SOLVING A QUADRATIC EXPRESSICON. THE U PARAMETER IS INCHEMERTED
UNTIL THE RADICAL IN THE QUADRATIC EXPRESSION IS ZERO OR NEGATIVE.
THIS CORRESPOSDS TO THE UPPER LIMIT OF THE U PARAMTER.

AT TBIS STAGE THE ¥ PARAMETER IS INCREMENTED BY REGULAR INTERVALS
AND THE QUADRATIC EXPRESSION SOLVED FOR TEE U PARAMETER UNTIL THE
RADICAL AGAIN BECOMES ZERO OR FEGATIVE. THIS CORRESPONDS TO THE
LOWER LIMIT OF THE W PARAMETER. THE U PARAMETER IS THEN
INCREMENTED BY REGULAR INTERVALS, SOLVING FOR THE W PARAMETER,
UNTIL THE LEAST SQUARES ESTIMATE OF PABRAMETER U IS REACHED.

cecceececocceoceccccecccccececccececccceccccccecccccccecccccececccceeccccecce

SUBROUTINE MIKE(K,PARAM,NP,I,J,XTX,0UT)
IMPLICIT REAL {1-2)

INTEGER NDATA,IER,IND,KPTS,0UT,NP,I,J,IIT
DIMEESION UC(999),WC(o90) ,P RAM(NP),XITI(NP HP)
U=PARAK(T)

U=PARAM(T)
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1

1239

1006

1004

1003

1008

1007

1008

101
10

X11=x7X(I,I)
122=XTX(1,3)
X12=XT¥(I,1)
AW=122
AD=X11
DELTAU=PARAM(I)/490.
DELTAW=PARAM(JI)}/499.
Uc(1)=0U
WRITE(S8,*) :
WRITE(G,*) 'IN SUBRUTINE HIKE'
WRITE(@,*) '0=!,U,'¥=',%
WRITE(S,*) ‘'AW=’,AW,’A0=? AT
WRITE(G,*) °’'Xi1=7,X11,°X22=',6Y22,'Xi2=",112
WRITE(8,*)} 'X=',K
WRITE(d,»)} ' °?
DO B8 III=1,NP
YRITE(6,1238) {XTX(III,JJ),JJ=1,8P)
CONTINUE
WRITE(S,*) !
NPTS=1
FORMAT(1X,6(2X,E11.4))
IND=0
SGN=1.
BW=2.«{ (UC(HPTS)~U)»112-NeX22)
CH=W»#22X22-2  #Ws (UC{RPTS )=U)*X12+ {UC(NPTS) ~T) »*>2sX11-K
IF (BW++2-4.+4W+CW.GE.0.) GD TO 1006
WC(NPTS)=WC(NPTS~1)-SGN*DELTAW
BU=2.»((WC(NPTS)-H)*X12-TU=X11)
CU=U»*2+X11-2, +U+{WC(NPTS)~W)*X12+(WC{NPTS)-W}*#»2+X22-K
IF (BU##2-4,+AU«CU.LT.0.) GO TO 1003
UC(NPTS)=(-BU+SGN*SQRT(BUs%2-4,#AUsCU) )} /2. /40
IF (IND.GE.2.AND.UC{NPTS).GE.U) GO TD 1008
NPTS=NPT5+1
IF(NPTS.GT.888) GO TO 1008
GO TO 1004
IND=IND+1
SGN=~1.+SGN
G0 TO 1007
WC(NPTS)=(-BW+SGH*SQRT (BU*w2-4 = AN*CW))/2./4U
WRITE(6,*) 'CALC WC 1006’ ,WC(NPTS),NPTS
IF (IND.GE.2.AND.UC(NPTS).GE.U) GO TO 1008
NPTS=NPTS+1
IF{NPTS.GT.898) GO TO 1008
UC{KPTS)=UC{XPTS-1)+3GN*«DELTAU
GO TO 1006
CONTINUE
IF(N.GT.998) WRITE(OCGT,*) ' N GT 988!
WRITE(OUT,10) I
WRITE(OUT,10) J
WRITE(OUT,*) NPTS,'THE NUMBER OF POINTS FOUND IN SUB MIKE®
WRITE(S,+) NPTS,'THE NUMBER OF POINTS FOUND IN SUB MIKE®
DO 101 II=1,NPTS
WRITE (OUT,'(2615.6,I4)?) Uc(II),wc(II), NPTS
CONTINUE
FORMAT(1E ,’THETA ',I1)
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RETURN
END

CCCCCCCCCCCoCCCloCCcCetCoCeCCCeeeeeeleeCeeeeCeeeteCececscccecoceoeccceeecee

G
c IN SUBROUTINE IXACTH THE EXACT CONFIDENCE REGION IS DETERMINED

c BY CHOOSING 4 VALUE FOR THE U’ PARAMETER AND SOLVIKG FOR THE

c ‘W' PARAMETER. THE U PARAMETER IS INCREMENTED BY STPI. THE

c CORRESPONDING Y PARAMETER IS THEN FOUND BY SIMPLY INCREASING W BY

c STPJ UNTIL THE EDGE OF THE CONFIDEHCR REGION IS FOUND. THE U

c PARAMETER IS INCREMENTED AND THE W PARAMETER IS FOUND BY

c IRCREMENTING PARAMETER W STARTING AT THE LAST RECORDED VALUE.

c THIS WILL USUALLY RESULT I¥ i1 SOLUTION WITHIN 5 ITERATIONS.

c IF THE SOLUTION DIVERGES AFTER 2 ITERATIONS THE INCREMENTATION OF

¢ U PROCEEDS IN THE OPPOSITE DIRECTION UNTIL A SOLUTION IS OBTAINED.
c IF CONVERGENCE IS HOT OBTAINED THEN TEE ENDPOINT OF THE CONFIDENCR
¢

¢

c

c

c

c

c

c

c

REGION HAS BEEN REACHED AND PARAMETER U INCREMENTED IN THE OPPOSITE
DIRECTION.

NOTE THAT THE PARAMETER I ULTIMATELY CONTROLS THE NUMBER OF POINTS
GENERATED. PARAMETER J HOWEVER DETERMINES THE RESOLUTION GF THE
CONTOUR LLONG WITH PARAMETER I. AS SUCE STPJ IS USUALLY SET SMALLER
THAN STPI.

CCCCCCCCoCCrCCleCCCocCeCCCCoCClleCelleciotCCeCleeateeeeseceoceeeeecececce
SUBROUTIKE XXACTN(NP,NPTS,PARAM,F,Y,00T2,RSS,PAR,SET)
INTEGER I,J,K,¥,HNP,NPTS,0UT2,C1,02,SET
REAL PARAM(NP),PAR(NP),BXREG(9999,2),F(160) ,RHS ,RES,RSS,SSR,
+ FLOAT,STPI,STPY,WK1(1) ,T{NPTS),VKAREA(200)

c
C CALCULATE THE SUM OF SQUARES OF THE RESIDUALS
c
IFAIL=0
WRITE(6,434)
434 FORMAT(1H ,/,8X,°I',7X,’Y REAL?,TX,’'YHAT?,7X,’'RES’,7X,'SSR’,/)
RS5=0.0 .
DO 4 I=1,NPTS
ITASK=0

CALL EVAL(PARAM,I,ITASK,WK1,IFAIL)
RES=Y({I)-WK1(1)
RSS=RSS+RES*RES
WRITE(6,*) I,Y(I),WK1(1),RES,RSS
4 CONTINUB
WRITE(G,*) 'SET IN BYACTH'’,SET
IF(SET.BQ.1) RETURN
c .
¢ CALC THE RHS OF THE GOVERNING EQUATION THE LHS IS SSR
c
K=NPTS-NP
RES=RSS+(1.0+FLOAT(NP)/FLOAT(K)}*F(K})
WRITE(6,*) ' THE RHS OF GOVERNING EQUATION',RHS
. OUT2=27
DO 1 I=1,NP-1
IT=1+1
D0 2 J=IT,EP
ID=99
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TOL=1.06006
c
K=NPTS-HP

RES=RSS+(1.0+FLOAT(NP)/FLOAT(K)*F(K))
WRITE(6,=) ' THE RHS OF GOVERNING EQUATIOK',RHS
0UT2=27
DO 1 I=1,1
IT=1+1
DO 2 J=3,3
ID=99
TOL=1.Qp06
cccccccccccccccccccccccccccccccEccccccccccccccccccccccccccccccccccc
¢
c EXTRAI IS USED TO RESET STPI. STPI MAY HAVE BEEX CEAEGED IF
c AN EXCESSIVELY LARGE NUMBER OF POINTS HAVE BEEN FOUND ON THE CONTOU
c
CCCCCCCCCCCCCCCCCCEECCCCCCCoCCCoCCCCCCCCeotCCCCCCOCCCCCCeCreeCeees
STPI=PARAN(I)/309.
EXTRAI=499.
STPJ=PARAM(J)/6B0.
=1
D0 121 K=1,4P
PARCK)=PARAM(K)
121 CONTINUE
PAR(I)=PARAM(I)
PAR(J)=PARAH(J)
SIGNI=1,
IEND=0
IT=0
IDCEK=0
G0 TO 101
CCCCCCCCCCCLCCCCCCCCCCeeCCCCCoeetCereeCCeCCCCeCCecCeCceCotCCeCeCereece

THE FOLLOWING IF STATEMENTS ARE USED TO STOP THE SEARCH WHEN AN
EXCESSIVE NUMBER OF POINTS ARE GENERATED. PRIOR TO THIS, THE STPI
IS INCREASED WHEN PRESET NUMBERS OF POINTS ARE FOUND. THIS 15 USED
TO REDUCE THE TIME REQUIRED TO FIND THE ENDPOINTS OF THE EXACT
SHAPE CONFIDERCE REGION.

THESE LIMITS/STEP CHANGES SEOULD BE CHANGED TO SUIT THE CURRENT
CASE

oo

CCLCCCCOteteeccesteetecCeCcCeCeCCCCCCCCCCCCCCCeCococeoceceecceeeccecces
90  PAR(I)=PiR{I)+STPI
IF(N.GT.500.0R.PAR{I).GT.B09+PARAM(I)) GOTO 200
IF(N.GT.99) STPI=PARAM(I)#2.
IF(N.GT.149) STPI=PARAM(I)*6.
IF(N.GT.199) STPI=PARAM(I)*10.
IF(N.GT.249) STPI=PARAN(I)=100.
PAR(I)=EXREG(N-1,2)
SIGNJ=0.
100 PAR{J)=PAR(JI)+STPI*SICHI
101 CONTINUR
c CALC SSR
SSR=0.0
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150

DO B K=1,NPTS

ITASK=0

IFAIL=0

CALL EVAL(PIR,K,ITASK,WK1,IFATL)

RES=Y(K)-WK1(1)

SSR=SSR+HES*RES

CONTINUE

WRITE(6,+) *JUST CALC D SSR?,PAR(I),PiR(1),SSR,SIGNJ
IF(SSR.LE.RES*TOL) THEN

ICHEECK=1

TPI=PAR(I)

TPJI=PAR(J)

IF(SIGNJ.LT.-0.5) TEEN
EXREG(UW,1)=PAR(I)
EXRBG(N,2)=PAR{J)+STPJ
B=+1
IEND=0
ICHECK=0
IT=0
G0 TD 69

END IF
SIGRI=1.
G0 TO 100
ELSE .
IF(SSR.GT.RES,AND.ICEECK.EQ.t) THEN
BIRBG(N,1)=PAR(I)
EYRRG{N,2)=P4R(J1)
u=N+1
IEND=0
ICHECK=0
IT=0
G0 TOD 90
END IF
IF(SSR.GT.RES.AND.ICHECK.EQ.0) THEN
IEBND=IEND+1
IF(IEND.EQ.1) TTI=PiR(I)
WKAREA(IEND)=SSR
IF{IT.EQ.1) GO TA 160
IF(IEND.GB.2) THEN
GRAD=WKAREA( YEND)-WKAREA(IEND-1)
IF(GRAD.GT.0.0) THEN
IT=1
IEND=1
PAR(I)=TTJ
G0 TO 100
ELSE
SIGEI=1.
GO TO 100
END IF
ELSE
SIcNJ=1.
G0 TO 100
ERD IF
CONTINUB
SIGHI=-1.
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200

201

202

1313

IF(IZY¥D.GE.3) TEEN
GRAD=WKARELA(IEND)-WKAREA{IEND-1)
IF(GRAD.GT.0.0.0R.IEED.GT.ID) TEEK

IEND=0
GO TO 200
ELSE
GO0 TO 100
END IF
ELSE
GO TO 100
EN¥D IF
END IF
EXxp IF
CONTINUE
Ny=1
SIGNI=0.
IEND=0
IT=0
GO TO 202

IF{NN.GT.99) STPI=PARLH(I)»2.
IF(HN.GT.140) STPI=PARAN(I)*5.
IF(UN.GT.168) STPI=PARAM(I)=10.
IF(NX.GT.240) STPI=PARAM(I)*100.
IF(PAR(I).LE.2.+PARAM(I)) STPI=PARAM(I)/EITRAI
PAR(I)=PAR(I)}-STPI
IT=0
PAR(J)=EXIREG(E-1,2)
SIGNJI=0.
PAR(J)=PAR(J)+STPI*SIGH]
CALC SSR
SSR=0.0
DO 666 K=1,¥PTS
ITASK=0
IFAIL=0
CALL EVAL(PAR,X,ITASK,WK1,IFAIL)
RES=Y{K)-WK1(1)
SSR=5SR+RES*RES
CONTINUE
IF(SSR.LE.RHS+TOL) THEN

ICHECK=1

TPI=PAR(I)

TPI=PAR{J)

IF(SIGNI.GT.0.5) TEER
EXREG(N,1)=PAR(I)
EYRRBG(N,2)=PAR{J)-STPJ
N=N+1
EN=NE+1
IEND=0
IT=0
ICHECK=0
GO TO 201

END IF

SIGEI=-1.

60 TO 202
BLSE

194
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IF(SSR.GT.RES.AND.ICHECK.EQ.1) THEX
EXYREG(N,1)=PAR(I)
EXREG(H,2)=P4R(J)

E=H+1
KH=HEN+3
IEYD=0
IT=0
ICHECX=0
GO TO 201

BED IF

IF{SSR.GT.RHS.AND.ICHECK.RQ.0) THER
IEND=IEND+1
IF(IBND.EQ.1) TTI=PAR(J)

WKARPA (TEND)=SSR
IF(IT.EQ.1) GO TO 250
IF(IEND.GE.2) THEN
GRAD=WEKAREA(IEND)-WKAREA({IRED-1)
IF(GRAD.GT.0.0) THEN
TGRAD=GRAD/WKAREA(IEYD)
IF{TGRAD.LT.1.E-6) THEN
IF(PAR(I).GT.PARAM(I)) GO TO 201
WRITE(S,=) 'TGRAD TO 300’
VRITE(QUTZ,=) 'TGRAD TO 300°
G0 TO 300
BED IF
IT=1
IEND=1
PAR(JI)=TTI
GO TO 202
ELSE
SIGNI=1.
G0 TO 202
BND IF
ELSE
SICHI=1.
GO TO 202
END IF
250 CONTINURB
SIGNJ=-1.
IF(IEND.GE.3) THEX
GRAD=VEKAREA( TEND )-WKAREL ( TEND-1)
IP(GRAD.GT.0.0.0R.IEND.GT.ID) TEEX

IBND=0
IF(PAR{I).GT.PARAN(I)) GO TO 201
€0 TO 300
ELSE
GO TO 202
EFD IF
BLSE
GO TO 202
RND IF
BED IF
BED IF
300 CONTINUE
IT=0
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301

302

56

IEND=0
Nu=1
PAR(I)=TPI
PAR(J)=TP]
SIGNI=0.
STPI=PARAM(I)/EXTRAI
GO TO 302
PAR(I)=PiR(1)+STPI
IT=0
IF(PAR(I).GT.PARAM(I)) GO TO 400
PAR(J)=EIREG(H-1,2)
PAR(JI)=PAR(J)-STPI=SIGNJ
CALC SSR
SSR=0.0
DO E6 X=1,NPTS
ITASK=0
IFAIL=0
CALL EVAL({PAR,X,ITASK,9K1,IFAIL)
RES=Y(K)-WK1{1)
SSR=SSH+AESeRES
CONTINUE
WRITE(@®,*) ?JUST GALC D  SSR’,PAR(I),PAR(J),SSR,SIGNJ
IF(SSR.LE.RES+TOL) THEX

ICHECK=1

TPLI=PAR(I)

TPY=PAR(1)

IF(SIGNJ).GT.0.56) THEN
EYREG(,1)=PAR(I)
EXREG(N,2)=PAR(3I)+STP1
X=N+1
IEND=0
HN=EN+1
IT=0
ICHECK=0
SIGRJ=0.

G0 ‘TO 301
END IF
SICKI=-1.
G0 TO 302
ELSE
IF(SSR.GT.RHS . AND.ICHECK.EQ.1) THEX
RYREG(N,1)=PAR(I)
BXRBG(N,2)=PAR(J)
¥=R+1
HN=NE+1
IEND=0
IT=0
ICHECK=0
GO TO 301
END IF
IF(SSR.GT.RES.AND.ICHECK.EQ.0) THENW
IERD=IEND+1
IF(IEND.EQ.1) TTJ=PAR(J)
WKAREL(IEND)=SS5R
IF(IT.EQ.1) GD T0 350
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3

4

1

1
2
1

IF(IEED.GE.2) THEN
GRAD=WKAREA(IEND)-WKAREA(IEND-1)
IF(GRAD.GT.C.0) TEEN

IT=1
IEND=1
PAR(J)=TTJ
G0 TO 302

ELSE
SIGNI=-1.

GO TO 302

END IF

ELSE
SIGHI=-1.
GO TO 302
END IF
50 CONTINUE

SIGNI=1.

IF({IBND.GE.3) THEN
GRAD=VKAREL ( TEND)-WKARBA(IEND-1)
IF(GRAD.GT.0.0.0R.IEND.GT.ID) THEN

IEND=0

GO TG 400
ELSE

G0 TO 302
END IF

BLSE
GO TO 302

END IF

BND IF
BEND IF
00 CONTINUE
K=R-1
WRITECOUT2,*) X,'IS THE NUMBER OF POINTS®
WRITE(4,») ¥,?IS THE NUMBER OF POINTS®
WRITE(QUT2,*) PARAM(I),PARAM(J),'TEETA I AND J RESPECTIVELY'
+ JI.3
DO 11 K=1,¥
WRITE(OUT2,*) BIREG(X,1),EXREG(K,2)
1 CONTINUE
0UT2=0UT2+1
212 CONTIRUR
COXTINUR
CONTINUR
BETURN
BYD

c
C TEIS IS EVAL FOR PROPYLENE OXIDATION, MNODEL FORM M0, HOCK SERG TAM
¢

WITE Y CONVERSION AS THE DEPENDENT VARIABLE.
SUBROUTINE EVAL(PARAM,I,ITASK,WK1,IFLAIL,.K)
INTEGER I,ITASK,IFAJL.K,ON
REAL PARAM(2),WK1(3),YVAL,B,X1,X2,TRE,X3,5QRT,X4,X6,16,X7
COMMOX X1(99),X2(99),X3(99),X4(99) ,X6(99) ,X6(99),X7(99)
IFAIL=0
IF(ITASK.NE.0) GO TD 1111
WK1(1)=60.5/X4(I)*PARAM(1)*PARAK(2)*SQRT(X2(I))/

197



APPENDIX F. FORTRAN CODE FOR CONFIDENCE REGIONS

+{I3(I)=X1(I)*PARAM(L1)+PARAN(2)=SORT(X2(I)))
RETURN
1111 CONTINUE
IF(ITASK.NE.1) GO TO 2222
TVAL=60.6/X4(I)=PARAN(1) »PARAM(2)+SQRT(X2(I))/
+(X3(I)=X1({I)=PARAN(1)+PARAM(2)*SQRT(X2(I)))
B=(X3(T)*XI1({I)=PARAM(1)+PARAM(2)»SQRT(X2(I)))
WE1(1)=YVAL/PARAM{1}-X3{I)*X1(I)=YVAL/B
WKA(2)=YVAL/PARAM(2)}-SQRT(X2(I))*=YVLL/B
RETURY
2222 CONTINUE
TF(ITASK.NE.2) GO TO 3333
TVAL=80.6/X4(I)»PARAM(1)«PARAN(2)*SQRT(22(1))/
+(X3(I)=X1({I)=PARIM(1)+PARAH(2)»SORT(X2(I)))
B={I3(I)*X1(I)+PARAM{1)+PARAN(2)*SQRT(X2(1)))
WK1(1)=-2.0+X3(I)*I1(I)*TVAL/PARAM{1)/B+2.0%(X3(I)eX1(I))w=2s
+TUAL/Bea2
WK1(2)=YVAL/PARAM(1)/PARAM(2)-X3(I)»X1{1)=TVAL/PARAM{2)/B
+=SQRT(X2(I))»YVAL/PARAN(1)/B+2.0+X4(T)*X3{I)=SQRT{X2(I))*»YVAL/
+Hae2
WK1(3)=-2,0SQRT(I2(I))=TVAL/PARAN(2)/B+2.0+X2(I)~YVAL/Ben2
RETURK
3333 CONTINUE
IFAIL=1
RETURN
EYD
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