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CHAPTER 1
INTRODUCTION

Most chemical problems are multifactor in scobe.
Many factors, some known and some most probably unknown,
all contribute to a particular chemical measurement or
reaction. As chemists we may succeed in elucidating how
a system will react to changes in various parameters,
However, a clarification of the importance and effect
of all the parameters is seldom achieved., We hesitate
to vary more than one or at most two parameters in a
chemical experiment to determine chemical effects,
lest the results leave us hopelessly confused. Ascertain-
ing the true dependence of a measured quantity on
each of the various experimental parameters is quite
difficult,

Consequently, without a complete knowledge of the
chemical interactions in a system, the chemist can not
.with‘confidence predict the effect of changing various
parameters, Most times, his efforts become nothing more
than "Iet’s try this." For example, "romatographers
have for years been searching for an adequate explana-
tion of solvent polarity and for a means of predicting

which stationary phase would perform a needed separation,



To date, they have not been successful,

Even if the chemist is successful in amassing a
large amount of data, he seldom knows how to interpret
it fully. Recently, however, many of the techniques
developed for data matrix manipulation in other fields,
such as in the social sciences and psychology, have
been adapted and applied to chemical problems, During
this past decade, a new field called "chemometrics" has
reached maturity.

One of the most powerful techniques that has been
applied to interpretation of a large matrix of data is
factor analysis, Factor analysis was originally deve-
loped for the social sciences by Thurstone and Spearman%'3
Malinowski and co-workers?~® succeeded in modi fying
factor analysis and applying it to chemical pm blems.
Factor analysis enables the chemist to study many para-
meters simultaneously., Consequently, factor analysis
allows the chemist to evaluate a problem which may have
seemed hopelessly complicated,

One of Malinowski's major contributions was in deve-
loping a target testing procedure.,6 This procedure enables
the chemist to test a parameter for its relevance in a
problem., Thus, if a chemist suspects that a data vector
may relate to one of the "factors" or parameters represented
in a data matrix, the target testing procedure would allow
him to determine if this is so.

There are various forms of factor analysisg



For physical scientists, the power of the method resides
in the target testing capability as developed by Malinowski.
This method is known as target factor analysis (designated
TFA in this thesis) and is to be distinguished from the
earlier forms of factor analysis called principal component
analysis (PCA) or abstract factor analysis (AFA).

In this thesis we will apply target factor analysis
to various chemical problems, In Chapter II we discuss
the theory of target factor analysis, including the impor-
tant step of factor determination., In Chapter III the
procedures of target factor analysis will be demonstrated
by the use of a model problem. In Chapters IV through IX
the application of target factor analysis to three chroma-
tographic systems will be demonstrated, Some aspects of
chromatography and solute-solvent theory will be discussed
in Chapter IV, In Chapters V-VIII we will demonstrate
how TFA has provided the first real insight into the sol-~
vent~related interactions for gas—liquid chromatography
as well as extended insight into the solute-related inter=-
actions, In Chapter IX, TFA is used to explain a gas-
solid chromatographic problem. pppendix 2 will demon-
strate the application of TFA to an ion exchange problem,

The usefulness of TFR to the chemist has been immensely
enhanced by the availability of a computer program origi-
nally written by Malinowski and coworkers7 and since con-
siderably expanded by us.8 This program, called FACTANRAL,

is available from the Quantum Chemistry Program Exchange.



R brief discussion of this program's capabilities is

included in Chapter III.

Three excellent reviews by Howery? and WeinerlO have
recently appeared in the literature documenting the myriad
chemical problems successfully analyzed using factor analsis,
Malinowski and Howery11 are writing a monograph on the sub-
ject which should be available shortly,

The types of chemical problems approached by TFA include:
linear free energy (Hammett-type) relationships,4 activity
coefficients,> gas phase acidities, 12 high performance
ligquid chromatography,13 nuclear magnetic resonance, 6:14,15
drug activity, 16 polarography half-wave potential,l? mass
spectroscopy,18 and infra-red solvent shifts.12 particu-
larly well explored have been solute interactions in gas-
liquid-chromatography‘,20—27 In the following chapters we
will delve into the factors influencing interactions in

gas-liquid chromatography and in gas-solid chromatography.



CHAPTER II

THEORY OF ABSTRACT FACTOR ANALYSIS AND

TARGET FACTOR ANALYSIS

A, Abstract Factor Analysis

In this chapter, we will discuss the theoretical
basis of factor analysis. In the first part of this
chapter we discuss the very important question of how
to determine the proper factor space.

Target factor analysis requires that the data in
a data matrix be explained using a particular type of
equation.z'6 As summarized in Eg. 1, each data point,

dix. must be a linear sum of product terms, TjCpk:

dik = i1k * Ti2®k * et TinTmk =,§z; TimCmk (1)

Here, r;. is the mth cofactor term associated with i-th
row designee. of the data matrix, c ) is the mth cofactor
associated with the k-th column designee of the matrix and
n is the number of factors, Thus, each supposed contri-
bution to the data point d;i must be separable into two
components: one depending only on physical and chemical
characteristics of the row designee and the other re-

flecting the properties of the column designee.

In matrix notation, for a data matrix of r rows



and ¢ columns,

) = [r)-[c] (2)

where [D) is the observed r x c data matrix, [R] is the
r x n row-designee cofactor matrix and [C] is the n x ¢
column-designee cofactor matrix.

If one wishes to study chemical interactions, both
the rows and columns of data are associated with chemical
entities, For example, one can consider the r and c¢ co-
factors to be solute and solvent contributions respective-
ly, and therefore, dik is the sum of various solute~-solvent
interactions terms., In gas-liquid chromatography, for
example, the retention index of a particular solute on a
particular solvent would be the sum of the contributions
of the solute-solvent interactions for that pair.28'35
Other examples include solute-solvent pairs in spectroscopic
data, 19,38 donor~acceptor pairs in dissociation con~
stants, 1241 jon-ion pairs in ion exchange equilibrium,3l
radical-radical pairs in bond energy data and cation-
ligand pairs in chelate formation constant.32

We will be mainly concerned with such entity-entity
types of matrices, However, other types of data matrices
are equally applicable to factor analysis, The r and ¢
terms may represent the mass spectrum »f a particular
pure solute (r) and the partial pressure of that solute (c)
in a mixture,18.28-34 15 this case, djx is the observed

mass spectrum for the mixture, Data matrices of this

type are known as entity-~property matrices, Other entity-



property matrices in chemistry include such chemical
problems as viscosities for solute-temperature pairs,
conductivities for electrolyte~-concentration pairs,
spectral intensities for molecule-frequency pair§36'37
and dosages for drug-disease pairs., Two other types of
data matrices, entity-time and property-time matrices,
are less common in chemistry.

Chemists tend to think of interactions in the
- sum~of-products formulation described in Equation 1.
However, there are cases where Equation 1 is not valid.
-Often the chemist has-no theoretical ‘basis for using
Equation 1. In such cases a factor analysis may be attemp-
ted empirically.

Since we will be concerned mainly with solute-solvent
interactions, the following discussion will assume solutes
for rows designees and solvents for columns designees. We
realize that the formulation is equally valid for other
types of data matrices.

Pretreatment of the data is often necessary. Either
a correlation or a covariance matrix will be generated,
Normalization of the data in the pretreatment step results
in a correlation matrix. Unnormalized data will result in
a covariance matrix. We may be interested in data centered
about the raw data mean or centered about the data origin.
Rozzett and Peterson30 give an excellent discussion of data

pretreatment and the proper use of each type of transfor-

mation .



re~

Which pretreatment is used depends on the data. 1If,
as is common, all of the variables are measured in the
same units (for example, gas chromatographic retention
index data) and all the errors are additive it is not
necessary to pretreat the data., Thus, covariance about
the origin would result,

Other data pretreatment methods include algebraic
transformation of each data point, such as logarithm,

exponential, sgquare, square root and reciprocal transfor-

_mations.. These transformations should preferably be  based -~

upon sound scientific principles, For example, a loga-
rithmic transformation of equilibrium constants should
help to transform the data into the sum of product for-
mulation necessary for TF2.
. . . . t
Multiplying data matrix [Eﬂ by its transpose, [D] '
gives Bﬂ , the correlation (or covariance) matrix of

dimension ¢ X c:

[€]=[5° - [o] (3)

The elements of Eﬂin (3) are each summed over all
solvent (column) designees and the diagonal matrix ele-
ments areeach identified with a particular column
designee, Each off-diagonal element is a sum of pair-
wise products of solvents effects for two solvents for all

solutes (rows). 2n alternative correlation matrix:

] = [o] - [o]t (4)



could be formed in which case the diagonal elements are
each identifiable with a particular solute (row)
designee.

Correlation matrix fg] may be diagonalized by a dia-

gonalization matrix [B]:

B IR - [As 8 ax) (5)

where 8 ik is a Kronecker delta, and Aj are the eigen-

values of the linear matrix equation

A e . N [:g-j Bj »= A\j. .B‘j. NN e v e ca e (6‘) PR

Bj is the jth eigenvector or the jth column of [ﬁ] and
).j is the eigenvalue associated with eigenvector Bj.

The elements of the diagonalized matrix of [Q] are
abstract eigenvalues. Zssociated with each eigenvalue

is an abstract eigenvector or abstract factor, A factor
is customarily defined as a normalized eigenvector mul-
tiplied by the square root of the corresponding eigen-
value, The eigenvectors which result from this diagonal-
ization may be thought of as a set of orthonormal "“solvent
basis vectors" (column designee vectors) which span the
solvent-effect space, Real factors result from a trans-
formation of rxreal solvent basis functipns and are the
vectors with which, by means of a unitary transformation,
we shall attempt to identify with particular solute (row

designee) cofactors.6’38



10

We would like to define row and column matrices
which would represent the influences of the solute
and solvent parameters, respectively. We can rewrite

Equations 5 and 6:
17 [l05) - [8]°2 [o) (1) = (A% [t (B[] @
[1° [v]= A8, (8)

Il

where

vl = [p)[=] (9)

Thus

(o] WlmE© (10)

By comparing this with Equation 2, we see that

5]* = [c] | | (11)

and

(v

[}] : (12)

Thus the transform of the diagonalization matrix [B] is

equivalent to the solvent (or column) cofactor matrix

and the solute (row) cofactor matrix is given by Equation 12.
We have c eigenvalues for ¢ eigenvectors, Factor

analysis attempts to reproduce the original data with n

factors (or eigenvectors) where n is less than c. . This

is known as factor compression. Thus we would now like

to find the minimum number of linearly independent eigen-
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vectors, Bj' necessary to reproduce [ﬁﬂwithin experimental
error, We can start with the eigenvector Bl associated
with the 1ar9est eigenvalue Al and attempt to reproduce

the data:
(0], = Ry B (13)

where R; = R;, is a column vector, B; = By is a row
vector and ijl is the reproduced matrix using only the

largest eigenvalue.

We continue by adding the next largest eigenvalue:

el e e e twan e

TR N e
[D] |R R2| -t (14)
B
2
and so forth until we have sufficient eigenvectors to

represent the data satisfactorily. If we can reproduce

the data satisfactorily using n eigenvectors,

[] = tRl Ry Rz... R_| *| ¢ |= (D] (15)

we have determined the number of factors to satisfacto-
rily span our data space. If n < c, then we have indeed
reduced the number of terms in our factor equation. 1If,
however, n = ¢, then we have as many factors as columns.
This means that either our data does not have a factor
analytical solutiom or that to span the factor space we

do not have enough data,
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B. Determination of the Correct Factor Space

Let us summarize briefly some of the more useful methods
for determining the proper number of factors.

A realistic chemical criteria is tocompare the repro-
duced and original data matrices point by point and accept
the factor size necessary to reproduce the data within aver-
age experimental error. If xix is a data point in the ori-
ginal data matrix and xf& is the corresponding point in

the reproduced matrix using m factors then the average rms

. [ Coaes sees e .~ P N T ST
- canvre . P -
. -

error, e, for that faéféfvgggéé is;.
e = [Z (x5 - x'i){]Lé N1 (16)
i

where N is the number of data points42.

Another approach would be to compare the percentage
of points with absolute errors greater than experimental.
For example, we might accept a factor space where the per-
centage of data points with errors greater than experimen-
tal is only 2% of the total number of points, and reject
a factor space where 5% of the errors are greater than
experimental.

44,45

Most recently, Malinowski, in a complete error

analysis of abstract factor analysis described the error
with three functions. 2 data point, dik’ can be expressed

*
as the sum of pure data, djx -+ and an error associated with

that data point, e;x. Thus:

a.. = 4.

ik ikt eix (17)



If a data matrix contains no error the covariance
matrix associated with the matrix can be decomposed by
factor analysis into a sum of n factors, where n is less
than r or c. Due to experimental error, FA yields an ex-
cessive number of factors equal either to the number of
rows, r, or columns, c, of the data matrix, whichever
is smaller, These excessive factors are associated with
the small eigenvalues and their associated eigenvectors.

The error can be resolved 1nto the 1mbedded error,

- # N

e, whlch mixes w1th the pure data in FA and can not

therefore be removed, and an ?extractable“ error, e©,

which is removed by the factor analysis reproduction

scheme. Thus:
*
. — (o]

The factors associated with the errors in the data

consist of two types. The factors associated with the

13

imbedded errors contain both pure data anderror information:

those associated with the extracted error are pure error
factors.

For covariance about the origin, the experimental
error is shown by Malinowski to be represented by the

residual standard deviation (RSD) or Real Error (RE):

RE = Z AO (19)

—m+l
r(c-n)
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Summing over all residual eigenvalues, i.e. over all
eigenvalues less than the eigenvalue associated with
the factor space under test gives an estimate of the
experimental error. The factor space where the Real
Error function approximates experimental error, assuming
it is known, should be the true factor space for the data.
The extracted error (XE) represents the extractable
error, egk, and is associated with the pure error eigen-

value:

XE = C

_ o %/ . .
(c - N)] 2 (20)
RSD
The imbedded error (IE) is associated with the

error which mixes with the data and is therefore not

removable from the data by factor analysis:
1
1IE = [(E)] /2 Rsp (21)
c

According to Malinowski's error theory,44 the imbedded
error function should reach a minimum at the true factor
space. Because the extracted error is removed by the
factor analysis scheme the reproduced data contains only
the imbedded error. Factor analysis reproduction always
leads to data improvement.

For correlation about the origin, the RSD takes the

following slightly modified form:

r c o 1/2
] > >0 A
RSD = Zl:l E];' dik J=n+1 (22)
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Malinowski also discovered an empirical function
called the Indicator (IND) function which reaches a
minimum at the true factor space if all the errors are

random and uniform in the data:
RE (23)
IND = (c-n)?

The IND function works quite well as we shall see
on our real data. The imbedded error function is quite
sensitive to the error distribution within the data and
consequently often will fail to reach a minimum. 1In
such cases the IND function may be sufficient to pro-
vide a determination of the factor space size.

Thus, even without anyv knowledge of the experimental
error, one may be able to determine the true factor space
using the IE and IND functions. In fact, once this is
done a reliable estimate of the experimental error is
obtained from the Real Error for that factor space.

We have found the average error, €, and its complement,
percentage of errors greater than experimental, together
with the Malinowski error functions to be the best and
most reliable criteria in determining the factor size.
Though they have only recently been applied to real prob-
lems, the Malinowski functions present the greatest pro-
mise of providing a theoretically valid determination of
the factor space size. The following chapters will pro-
vide many examples of the application of these criteria

to real problems.
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Several other criteria havebeen proposed for the
determination of the factor size., Many texts - suggest
accepting those factors with eigenvalues, aa, greater
than 1.0 (for a correlation analysis); all eigenvalues
less than 1.0 are assumed to account for an insignifi-
cant amount of the total variance of the data and are
rejected. A similar criteria accepts all eigenvalues
greater than the average eigenvalue, 5:.42 Another

42 accepts all

criteria, the significant variance,
eigenvalues which are necessary to account for the
fraction of the total variance tholught to come from the
desired information in the data.

For all of the real problems studied by us, the
largest factor is the most dominant as evidenced by
the size of the associated eigenvalue. For correlations,
the first eigenvalue is always large; the following
eigenvalues are almost always less than 1.0. Thus the
eigenvalue greater than one, average eigenvalue and signi-
ficant variance tests would lead us to conclude that only
one factor is important, a fact which would ignore the
contributions of the smaller factors. Rejection of factors
because their respective eigenvalues are below an arbitrary
value of 1.0 or below an average eigenvalue will invari-
ably serve to eliminate some of the significant factors
in the data. Similarly an accurate estimation of the
total significant variance is hard to obtain. 1Is it 99.9%?

Or perhaps, only 80%? Do we accept a factor if it accounts
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for the 94th percentile of the variance or reject it?
Two other criteria, the Chi-square test4l’42and the

Exner function?3have also been used. The Exner function

has also been proposed as a criteria to compare test

vectors. Both of these functions have proved to be

inadequate for our purposes,
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C. Target Factor 2Analysis

At this point, we have succeeded in defining the
abstract cofactors in our data. These abstract factors
are not recognizable from a physical or chemical view-
point. We would like to transform the mathematical axes
(factors) into axes which do have physical significance.

It is at this point that target factor analysis (TFA)
differs from abstract factor analysis (AFA?'QFAitﬁ.WQSt
common fbrh,.pfincipélhcéhééﬁent.analysis (pca), AFA
techniques do not allow us to identify the abstract
mathematical factors with physically meaningful vectors.
However, much can be learned from an AFA.1'3’29'41

A unitary transformation of [ﬁ] using a transformation

matrix [T] would provide a redefined rotated matrix ﬁﬂ

(7] - ® [ (24)

The inverse of [ﬁ] can be used to locate the column

solvent factor matrix in the new coordinate system

(21 = 7N (25)
Thus

5] = [8 (=[] *e] = (RI(E] (26)

Thus it is possible, upon a proper transformation, to find
a row matrix which can be interpreted in chemical terms.
There are an infinite number of possible transformations,

However, only some of them will correspond to recognizable
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real parameters, We, therefore; need to calculate the
transformation columns, Ty, from real vectors, The target
transformation method, through a least squares formulation,
can test whether various physically significant parameters
represent the cofactors in a problem,.

Malinowski® has described a technique for ascertaining
whether a suspected test quantity can be transformed, or
rotated, into, and therefore associated with, a column of
. the [ﬁ] matrix, If the suspected test factor is a true
factor, a rotation matrix [T] can be found which will
rotate a column of the [R] matrix, Ry, into the suspected
test factor, so that all of the elements of the rotated
vector agree with the values of the test vector within
experimental error. Malinowski's method is based on a
least squares treatment and, to a chemist, is probably
the most significant and powerful application for the
factor analysis technique,

As derived by Malinowski,6 the least squares vector
transformer Ty, a column of [T], is calculated from

T = ‘%_Sjw[ﬂt-:}ik (27)
ﬁk is a vector composed of the suspected parameters,

Transformation of the axes is accomplished by the
following

[R] = [Rr][T] (28)
where [T] is the transformation matrix and [R] is the

row matrix in the new coordinate system, If a suspected
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vector ;k is a true veétor, i.e., it represents one of
the cofactors of the problem, then each element of §k must
equal the corresponding element of ﬁk near experimental
error, If ;k is not a true vector, then the difference
between §k and R, will be large, and ;k is not a cofactor,
Thus, we can test whether any real test vector is a co-
factor.

This transformation method is completely general and
is applicable even if some ;k values are omitted either
purposely or because they are unknown., If Ry is indeed
transformed the unknown values are predicted by the
method, This method is known as free-floating,

Finally, in what is known as the combination step,

we can attempt to reconstruoct the original data matrix

[D] from the matrix of transformed real vectors [R] :

[ r][T) [Tj)[C] : (o) (29)

If the matrix resulting from the computation des not

compare favorably with the original data matrix [ﬁ] then

the real matrix does not adequately span the factor space.

This may be true because some of the test vectors are

redundant, i.e.,, they represent the same cofactor.
Alternatively, the columns of matrix [Elmay be n

columns of the original data matrix termed "typical" columns.

Such a combination would ascertain whether the data in the

n columns adequately span the factor space, Those typical

columns which do span the factor space will give a
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satisfactory combination and are known as the "key
combination set,"23

Perhaps more intriguingly, once a satisfactory [R]
is found, we can predict the value for dyx, where x is
a new row designee and k is one of the original column
designees, The value for dyy can be determined using
the following equation:

<k = j?: ym ©Cmk (30)

m=1

d

where cp) is the mth coefficient for the kth column
designee of the combination based [Clmatrix, ryn

the corresponding value of cofactor m for row designee

X, The [?ﬂ matrix is obtained from TFA using equation
21, Assuming that the interactions or cofactors involved
with designee x are the same as those in matrix [ﬁ],

highly satisfactory predictions are possib1e°21
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CHAPTER III

PROCEDURES OF TARGET FACTOR ANALYSIS

A, Steps in Target Factor Analysis

In this chapter we will describe the general proce-
"dures used in the target factor analysis of a typical
chemical problem, We will make use of a computer pro-
gram, FACTANAL, originally developed by Malinowski and
coworkers and considerably modified by Howery and
coworkers.®

In order to better illustrate the procedure, we
will factor analyze a sample data matrix, As illustrated
in Table 1, multiplying row matrix [ﬁ], a 7 x 3 (seven
rows, three columns) matrix, by column matrix [C], a3 x6
(three rows, six columns) matrix, we generate data matrix

[P} , 2 7 x 6 (seven rows, six columns) matrix, accordimg

to the following equation:

® - [c] = [0 (31)

Matrix [ﬁ] is a pure three factor data matrix; each factor
in matrix [D] is the product of a row cofactor of matrix
[R] and a column cofactor of matrix [C],

The value of any data point, 4. in matrix [d] is:

ij’

dij = rilclj + ri2c2j + ri3c3j = é? I&ncnj (32)



Table I. Generation of sample data matrix from row matrix and column matrix

70 107.5 69.0 77.5 94.0 74.0 58.0
45 75.5 49.0 62.5 63.0 298.0 36.0
0.9 -0.1 0.0 0.6 0.4 -0.3
100 180.5 109.0 142.5 148.0 64.0 76.
X (0.1 0.2 0.5 0.0 -.8 0.0] =
10 75.0 7.0 20.0 52.0 22.0 -11.0
1.0 1.0 1.0 1.0 1.0 1.0
0 27.5 17.0 47.5 12.0 -68.0 -6.0
65 80.0 76.0 95.0 71.0 21.0 62.0
3% 46.2 47.2 75.0 34.8 -38.8 27.6
[c] [o]

£l
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For example, the value of data point 623 for row 2, column 3

is calculated thusly:
d23 = ¥1C33 * ¥22Cp3 * ¥23%23 =
(30.0) (0.) + (35.5) (0.5) +
(45.0) (1.0) = 62.5

(33)

With actual problems, we usually have no idea of the
individual row and column matrices. In a solute-solvent
interaction problem, the matrices represent the represen-
tative solute and solvent interaction terms, It is these
very matrices which we are interested in obtaining., The
target transformation feature of TFA can provide the
information necessary to generate these matrices.

Target factor analysis, as illustrated in Figure 1,
involves the following steps:

1) Pretreatment - formation of a covariance or

a correlation matrix [C] from a data matrix [D]
of experimental data

2) Reproduction and factor determination -

a) diagonalization of the correlation or
covariance matrix and solution of the resulting
eigenvalue problem to determine the eigenvectors
associated with the factors which characterize
the data and

b) determination of the number of significant
eigenvectors (abstract factors) needed to repro-

duce the data within experimental error
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3) Target transformation - transformation of ‘

physically significant vectors to associate
the abstract factors with real vectors
4) Combination - reproduction of the original

matrix using sets of real vectors

5) Prediction of new data

We will now discuss each of these steps more fully
using our model problem as an illustration,

l) Pretreatment:

Depending on the nature of the data, one may decide
1) to use the unnormalized data set and obtain a co-
variance matrix or, 2) to normalize the data set and
consequently obtain a correlation matrix., Normalization
is obtained by dividing each data point of the original
matrix by the square root of the sum of squares for the
column in which the data point appears, Normalization
is necessary if the error in the data is proportional
to the magnitude of the data or if the individual columns
of the data matrix contain different units of measurement30
For our test data, covariance and correlation will provide
the same information,

2) Reproduction:

We wish to determine the minimum number of abstract
factors necessary to reproduce the original data, By
eigenanalysis, the correlation or covariance matrix of
the data matrix is diagonalized and a set of abstract

eigenvalues related to the column designees is obtained,
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Operation on the transpose of the original data matrix
would produce a set of eigenvalues related to the row
designees,

The complete set of ¢ eigenvectors can be used to
reproduce the original data exactly. However, in factor
analysis, we wish to find a minimum number of factors or
eigenvectors which would reproduce the original data to
within some criteria., Most logically, in chemistry,
the criteria would be experimental e;:rorc Thus, we
attempt to reproduce the original data using successively
smaller eigenvalues, First, only the largest eigen-
vector (which accounts for the most variance in the data)
is used, Then, stepwise reproductions using the largest
and second largest, then, the three largest, and so forth,
are ralculated till we succeed in reproducing fthe data
satisfactorily., When this is done, we have determined the
factor space of our data.

This step is illustrated in Table 2 for our test data.
The table is a printout of the computer analysis for this
step., In separate columns are listed for each factor 1)the
eigenvalue associated with that factor, 2) the root mean
square error (RMS) between the reproduced matrix using
that number of factors and the original data matrix, 3)per -
centage of data points in the reproduced matrix with errors
(when compared to the original data) within listed ranges
and 4) the two largest error with their row and column

locations, If the covariance option is used, values for



Table 2, Reproduction summary for sample problem
, Percentage of points within ranges

Factor Eigenvalue Rms error <3.0 3.0-5.0 5.0-10.0 »10.0

1 1.99E 05 18.93 21.4 11.9 23.8 42.9

2 1.32E 04 8.77 38.1 16.7 21.4 23.8

3 4 _,02E 03 2.24E-04 100.0 0.0 0.0 0.0

4 2.06E-02 2.30E-04 100.0 0.0 0.0 0.0

5 1.32E-03 2.36E-04 100.0 0.0 0.0 0.0

Largest Second largest

Factor error Rowif Column# error Row# Columnif

1 74.70 5 5 56.74 7 5

2 32.35 4 6 ~-28.72 4 1

3 .00 3 1 .00 4 2

4 .00 3 1 .00 3 2

5 .00 3 1 .00 3 2
Factor Real error Extracted error Imbedded error Indicator function

1 22.194 20.260 9.061 0.888

2 11.975 9.778 6.914 0.748

3 7.563E-03 5.348E-03 5.348E-03 8.404E-04

4 3.725E~-02 2.151E-02 3.042E-02 9.314E-03

5 5.444E-02 2.223E-02 4_.970E-02 5.444E-02

8¢
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the Real, Extracted, and Imbedded errors and the Indicator

43 are also tabulated,

function of Malinowski
For our test data (a true three factor space) we
expect perfect agreement between the reproduction using
three factors and our original data. As can be seen, three
factors give a trivial rms error of .,0002 with a largest
error of .,0005 probably due to computer round-off errors.
The Malinowski Indicator function shows a minimum at three
factors, The Real error at three factors is predicted to
be .008, also insignificant, Indeed, we have confirmed
that our data is a three factor space,
For most chemical problems, determination of the size
of the factors space is not so clear., Consideration of
the estimated experimental error, of the percentage of
errors above experimental error and chemical intuition
all play a role. The size of the largest errors may be
important, If the largest errors are close enough to our
idea of experimental error, then, though the percentage
of errors above experimental may be large, the factor space
may be pinned down., The Malinowski error functions may
help in the decision., For most real problems the factor
space is estimated to within 1 factor., Sometimes, the
decision may be deferred until later in the analysis when
other indications may point to a more definite determination.,
Up to this point, we have accomplished, in general,
a principal components analysis, the first step of an

abstract factor analysis., The next steps involve target
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transformation and real cofactor identification,

3) Target Transformation:

The heart of target factor analysis is the lLeast-
squares target transformation facility, developed by
Malinowski, Target testing allows one to relate phy-
sically and chemically significant parameters with the
abstract vector cofactors of the space., In target
transformation a suspected vector is tested, A least
squares procedure minimizes, point by point, the difference
between the test vector and the matrix of abstfact eiéen—
vectors obtainedin step 2, The‘transformed best-fit
vector is called the predicted vector., The overall
point~by-point agreement between the test vector and the
predicted vector determines whether the test vector rep-
resents one of the row cofactors ef the space., How well
they must agree before the transformation is considered
successful is determined by one's knowledge of the
test vector (i.e., its accuracy) as well as experience
with target factor analysis,

Most vectors do not transform well; it is indeed
a challenge finding a good test vector. However, even
after one does obtain a test vector which transforms
reasonably well, caution is necessary. A successful
transformation means that the input vector is mathe-
matically similar to some combination of the abstract
mathematical cofactors., However, the vector may not
have the chemical significance We have assigned to it.

For example, is a molecular weight vector which transforms
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well, testing the molecular weight or does it mathemati=
cally imitate a vector, the physical significance of

which we have no idea?

Test vectors can include 1) physical vectors
related to the overall physical properties of the
row and column entities and 2) structural vectors based
on detailed structural information of the entities,
Examples of physical vectors include molecular weight,
boiling point, refractive index, and dipole moment,
Ingenuity plays an important role in developing struc-
tural vectors, Specific properties of entities based
on even slight differences in structure can be tested,
Examples include multiple bond uniqueness (where entities
with a multiple bond are assigned a "1" and other entities
are assigned a "0"), position of a particular functional
group (i.e., hydroxyl groups) and number of carbon atoms,

Obviously, target transformation of an abstact factor,
i.,e., a column of the row matrix or a row of the column
" matrix (cofactors by definition) should test very well,
This is illustrated for our sample problem in Table 3,
As expected, agreement between the input vector, in this
case, column 2 of [R], and the predicted vector is perfect.
One data point of the input vector was purposely left
blank (free-floated), Prediction of the free~floated
value illustrates a novel application of the target
transformation technique. If data points in a target
vector are missing, the target transformation least squares

scheme will predict appropriate values for the free-floated

points.,



Table 3. Target transformation of column 2 of row matrix R ,

—y——

one data point missing ., (known value in parenthesis)

Row desiagnee

1
2

-Test vector

15.0
35.0
(85.0)
20.0
95.0
60.0

90.0

Predicted vector

15.0
35.0
85.0
20.0
95.0
60.0
90.0

(A
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A useful type of test vector is known as the

unigueness vector, By testing an input vector with a "1"
for a particular row designee and "0"'s for all other
row designees, one can determine if the particular row
designee under test transforms to the abstract factors,
If the uniqueness test for a particular row designee
target transforms well, then that row designee uniquely
represents the abstract factor., Most often the unique-
ness test of a particular row designee does not test well.,
However, by studying the predicted vector much useful in-
formation can be obtained., For example, Table 4 illustrates
the uniqueness test for row designee 6 from our sample
problem, Whereas we have input a "1" for the data point
corresponding to row designee 6, the predicted vector
predicts only 0.37. Obviously, the uniqueness test for
row designee 2 does not target transform well, Thus,
row designee 6 does not adequately represent a cofactor
of our sample problems, However, predicted points for
some of the cther row designees such as row designee 3.
(=.20) are higher than expected., We interpret this to
mean that designees with high predicted values correlate
well with the tested designee. The uniqueness test tends
to cluster similar designees, Thus, row designee 3
correlates well wtih row designee 6.

Table 5 summarizes these results for all seven row
designees of the test problem, The uniqueness value for

each row designee is listed with those designees which



Table 4. Uniqueness test for row designee 6, three factors
Original
row designee Test vector Predicted vector
1 0.0 0.18
2 .0 .12
3 .0 .20
4 .0 -.31
5 .0 .09
6 1.0 .37
7 .0 .23

e



Table 5. Uniqueness test summary , three factors

ROW#H
1

2

0.092
0.507
0.707
0.601
0.369

0.388

 CORRELATIONS  ROW#(VALUE)™

3(0.311)y 5(-2256)y 6(0.175),
3(0.210),

1(0.311)y 2(0.210), 410.243),
3(0.243), 5(0.162), 6(=.313),
1{-.256), 4(0.162), T{0.381),
1(0.175), 3(0.198), 4(-.313),

5(0.381)y 6(0.226),

@ Correlations above .15 are listed.

6(0.198),

T10.226)y

SE



e

36
correlate highly on that particular uniqueness test vector,

Thus, row designee 4 is the most unique (value = ,707)
and correlates most with row designee 3 (.24), less with
row designee 5 (.16) and negatively with row designee 6 (~.31).
Using these correlations obtained in the unigueness
test, we can construct new "correlation" vectors for testing
via target transformation. These vectors test similarities
that are apparent from the correlations, For example, a
possible correlation vector based on the results of the
uniqueness test for row designee 1 in Table 5 may have the
form a value of "1" for row 1, 3 and 6 and "-1" for row 5
and "0"'s for all other rows. In essence, one is testing
a vector based on "least squaring"” onto the abstract co-

factors matrix,

.4) Combination:

Oonce we have found vectors which successfully target
transform, we still must determine if we have found
any sets of vectors which represent all of the abstract
cofactors in our data space. It is also informative
to know which vectors are redundant, i.e., represent the
same cofactor and are therefore interchangeable, Do our
sets of vectors adequately span the factor space? Will
they, in combination, enable us to reproduce the original
data satisfactorily?

The answer to these problems may be obtained in the

combination step. Two types of combinations are possible.
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We may take combinations of those target transformed vec-

tors which we have found to satisfactorily transform unto
the abstract matrix. Alternatively, we may take combina-
tions of the"typicaf'vectors (the columns) of the original

data matrix., Combinations of columns will help us deter -

53

mine those column entities which best represent th;ifactor
space and also those column entities which are most” “ simi-
lar to each other,

Combinations of the real physical vectors that target
transformed satisfactorily will enable us to determine
the best set of parameters that rep esent the cofactors
in the data space. Two sets of best sets are sought; one
for the row entities, the other for the column entities,
If we are able to adequately reproduce the original data
using both sets, some information on the complete inter-
actions involved may be obtained, Comparison with theory
would then be possible.

Thus, a combination of the three columns, columns 1,
2 and 3, from the row matrix Iﬁ]reproduces the data matrix
ﬁﬂ with an rms error of only 0.07. By contrast, combina-
tions of any two of these abstract cofactors (i.e., columns
1 and 2) with a random vector called POOR are unsatisfacory,
resulting in an rms error of 45.57,

It is likely that more than one combination will give
nearly equivalent results, Many vectors are redundant,
representing the same abstract cofactors. Comparison of

the best combinations (for example, the best 20 or 25
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sets) obtained from a set of vectors would then show
which vectors are substitutes for each other. This
information, in the physical sense, can be highly infor-
mative, Additional information from further analysis
of the best combinations obtained from a set of vectors
may be obtained in what we call Pattern Tables, Such

tables will be explained and illustrated in Chapters VI

through VIII,

5) Prediction:

Once we have obtained good solutions to our problem,
new data can be predicted according to equation 22 of
Chépter~II." One uses the key'§éctofs involved in the
best sets and the factor loading (column designee) matrix
obtained in the combination step. Thus, new data often
can be predicted with an accuracy equal to that furnished
by the best solutions obtained in the combinations,., Exam-
ples of successful predictions are illustrated in Chapters
IV, V, VII, VIII, and IX.

The calculation of free-floated points in the target
transformation step is another method of obtaining new

data for unknown entities,
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B, Intrxoduction to FACTANAL,
A _Computer Program
For Target cto alvsis

During the course of these investigations, Malinowski's

7 vas expanded and modified

original TFA computer program
considerably. The new program is now available from the
Quantum Chemistry Program Exchange of Indiana University
as Program #320.8 Documentation was added to enable
a user new to FACTANAL to understand and use the program.,
The control options were expanded to facilitate the routine
analysis used in TFA such as combinations and target trans-
formatbns. A simple test problem is included to illustrate
the features available with the program,

The program, as available, is capable of handling
40 x 40 dgta matrices, However, expansion to matrices
of larger sizes (eg.,, 60 x 60) is easily facilitated by
modification of appropriate dimension statements.

FACTANAL is written in FORTRAN IV language, the
computer language most familiar to chemists, It has
been tested and used with both FORTRAN G and H compilers
sn both IBM 360 and IBM 370 systems., Options are available
for transforming the original data matrix, ie., transpose
and log of matrix as well as testing various functional
formulas (square, reciprocal, square and exponential)
of target vectors. It is possible to perform a TFA on
both a data matrix (to test row designees) and its trans-

pose (tests column designees) in one pass using an option
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called INVPLU, Complete statistics including calculation
of % errors, largest errors, average error, percent and
number errors within ranges, Exner values and the Malinowski
error functions, are calculated and tabulated automatically
by FACTANAL for the reproduction step (c.f. Table 2)., The
uniqueness step is automatically run and tabulated in a
convenient table with statistics (i.e., Exner'values)

(c.f, Table 5),

Other options automatically execute all possible com-
binations of typical vectors (i.e., columns of the data
matrix) or alternatively all combinations of basic (real,
physical) vectors with concise printout of results in
convenient tables, Combinations of vectors are easily
accomplished and retrieval of [R] matrices for prediction
of new data is automatic. Borrowing a technique from
pattern recognition, FACTANAL provides the option to run

66 analysis,

a K-nearest neighbors (K-NN)
Contributions by this investigator to the program
include:
1. Complete testing of program and optimization
using FORTRAN G and H compilers.
2, Complete documentation with sample test problem.
3. Programming and testing of the following options:
a, CONMAX - to execute TFA on selected rows and
columns of a data matrix

b, INV and INVPLU -~ to execute on data matrix

and its transpose
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UNIQUENESS TABLES

REPRODUCTION TABLES

Statistics including Exner function,
Malinowski error functions, percent
and number of errors within ranges,
average (rms) error and largest errors

K-nearest neighbor analysis

These modifications have helped eliminate much of

the preliminary drudge work in a typical TFA, With the

above options, considerable information can be obtained

after one or two executions of FACTANAL,
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CHAPTER 1V

SOME ASPECTS OF SOLUTE-SOLVENT INTERACTIONS

APPLIED TO GAS CHROMATOGRAPHY

Introduction

The quantity directly measured in a gas liquid
chromatography (GLC) experiment is the time it takes
for a small sample of solute to pass through the sepa-
ration column at a given flow rate of carrier gas and
temperature and weight of stationary phase, i.e., the
retention time, This depends on the partition coefficient
for the solute-solvent pair in question, The partition

45-47 < the ratio of molar

coefficient, K, is defined
concentrations (¢) of solute in the stationary (s) and

mobile (m) phases at equilibrium:

c n
K = s = s/"s (34)
Cn nm/vm

when n is the number of moles of solute and v is the
volume of the phase in question. As long as the solute
sample size is small enough, K can be assumed to be a
constant.

The product of the retention time and the carrier



gas flow rate is the volume per unit time of gas swept 43

through the column as the solute passes through. The
specific retention volume, Vg' represents the volume
(usually corrected to 0° C) of carrier gas required to
elute one half the solute from a column containing one
gram of solvent. It is related to K by

K= _°F v (35)

273.15 g

where p is the density of thevsolvent or liquid phase
at temperature T.

The net retention volume VN is related to K by

Vg = K Vg (36)
where Vg is the volume of the stationary phase, VN is
a function of stationary phase loading.

In gas solid chromatography, K may be defined in
terms of the weight of the solid, W,, or its surface area,
Aso Then Vs is replaced by Wg or Bg. The specific
retention volume, Vé, is then:

vg = %n _%g_ (37)
where V_ is corrected to 0° C,

At the column temperature, T:

Vg = K_ 213
Ps T (38)

where the density of the solvent, P is taken at T.
Under a given set of conditions Vn is a constant.
It is characteristic of a given substance and can be

used to identify it., Limitations arise from the inability
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to reproduce a given set of constant conditions from one

laboratory to another,

48,49

To overcome these difficulties, Kovats introduced

the retention idex, I,. The retention index for a compo-

nent x is:

log V - log V
I, = 100 n + 100 n.x N (30

log VN,n+1~ 199 VN,n

where V x is the retention volume of the sample component
’

x, and VN,n and VN

the two normal alkanes with carbon numbers n and n+l

,n+l  are the net retention volume for
which bracket the sample component. The normal straight
chain hydrocarbons will have retention indices (RI)
differing by multiples of 100 units, Two adjacent homo~
logs in a series will have RI differing by 100 units,
The total change in free energy of mixing of a
molecule from a gas phase to a liquid phase, ZSG? ; is
often assumeé to equal the sum of the individual free
energy changes 13<f2 for each of the strugtural groups

of the molecule:50

AGTE = ZAG’; (40)

45,50 rigorously for regular

It can also be shown,
solutions and empirically for other types of solutions,
that
m
Acy = Zui vy (41)

where Ui and Vi are solute and solvent cofactors each

characteristic of a specific type of interaction,
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Since Log Vy is related to the free energy change,

In VN = 1n K + In Vg
_ m ‘ (42)
= AGt + 1n VS
RT

Then it is logical to assume that Kovats retention

index, Iy, is also related to the free energy change,

Therefore,
IO('Z u - v
i i

3 (43)

An equation of this type was postulated originally by
Rohrschneider.sl

Thus we would expect GLC retention index data to be

ideally suited to target factor analysis., In the following

chapters we will describe the results of factor analysis

on several of these real data matrices,
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B, Role of the Solvent

Chromatographers have often tried to classify
solvents on the basis of polarity. The solubility
parameter, 8, derived from Hildebrand Solubility Theory,
might be used as a measure of polarity in that its value

generally increases with solutes that are called polar.
45,52

The solubility parameter is defined by
1
A@iv /2
5, = (44)
l W
Vi
where Si measures the intermolecular energy of com~
pound i per unit volume of pure ligquid, [&EX is the

net energy of vaporization, and ﬁi is the molar volume
of the liquid,
The total molar energy of mixing of solute i in solvent

3. ZXISIEj . for regular solutions can be shown52 to be;

m - 2
AE iy = Vi (Si - Sj) (45)

Thus, deviations from ideality in mixing are related
to the intefmolecular forces in the pure liquids i and
3 as measured by the solubility parameters, ) ;3 and S 5.

The solubility parameter theory is based on the
assumption that only dispersion intermolecular forces
are involved, Thus for mixtures of polar and non-polar
molecules where specific interactions are important, the
theory is generally less accurate,

Recently the solubility parameter has been expanded
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to included individual parameters for each specific

52

interaction., Keller, Karger and Snyder summarize

this by the equation:

Si§ = sdi de + Spi Spj.+-8hj ghi (46)

where &é, the total solubility parameter of solute i

in solvent j is related to the sum of the product of

the dispersive force contributions Sd, polar contribu-
tions, Sp, and hydrogen-bonding contributions, Sh-

8 2, propertional to E, is thus shown to be equivalent
to a sum of product terms; each term is associated
with a specific interaction and each Si is associated
with a particular entity. This is exactly the type of
equation which lends itself to factor analysis.

The polar contribution Sp, describes dipole-dipole
and dipole-induced dipole interactions without proton
sharing and may be further divided into an induction
term, gin and an orientation term, 80“ The acid-
base term can also be divided into a proton acceptor term

8 a and a proton donor term SIP With these modifi-

50,52

catfions, the above equation is shown by Keller to be:

82= Sdz+802 +2Singd +25a5‘b (47)

Care, however, is needed in applying this equation., The
equation extends solubility parameter theory to solutions
other than regular solutions where ZSSm, the entropy of

mixing, can not be ignored. In addition, important
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parameters, éuch as, molecular size and shape, are ignored,

Another polarity scale, Rohrschneider‘s P* scale53,
measures the ability of the stationary phase to induce
a dipole moment in butadiene. This scale is thus related
to the dipole moment of the stationary phase. If a par-
ticular solute-solvent pair were to exhibit another type
of interaction i.e., hydrogen bonding, the P* scale
is not able to predict the correct polarity.

B more elaborate system proposed by Rohrschneider>1: 54
is based on the splitting of the total polarity into
various interaction forces, Five solutes are used as
probes to characterize the liquid phase, Each solute is
intended to measure a different type of solute-solvent
interaction., The scale is developed using AI, the
retention index differences between a polar liquid phase
and squalane, the standard non-polar phase. AI repre-
sents the specific interactions forces (dipole-dipole, in-
duction and other forces) that occur on the polar phase.

Rohrschneider characterized each interaction as
the product of two factors: one dependent only on the

solute, U;j, and the other on the solvent, V;, For n

interactions:

n
i
For example, the AI for solute probe benzene measures

dispersion forces and W-bonding; that for ethanol measures

hydrogen bonding.
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McReynolds55 proposed a system similar to

Rohrschneider®s, However, he expanded the solute probe
list to ten compounds and he substituted butanol for
ethanol. McReynold®s felt that Rohrschneider's five
standard solutes did not span the entire range of
inkractions involved in chromatography.

Has McReynolds addition of five more solutes and
substitution of one of them helped in spanning the full
range of interactions? Kaplan et al. >6 feel that
Rohrschneider's five solutes are enough to characterize
all the interaction relations formed and indeed enough
to calculate the retention index on new solutes, while
Hartkopf et al.60 identified only four functional probes
as necessary. At least one manufacturer recommends that
the first seven McReynold's probes should be sufficient
in practice,57

Comparing the McReynolds or alternatively the Rchr-
schneider constants for the various solvents available
in GLC one can notice that many of them exhibit the same
apparent polarity, i.e., the solvents are redundant,
Several authors have pointed out the necessity for stan-
dardization of stationary phases.58'59 A small number of
standard phases selected from the more than 700 used in
the literature should be able to accommodate most sepa=-
ration problems. However, before such work can be
completed a better understanding of the contribution of

the stationary phases to retention is needed,
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Many mathematical-statistical methods have been used
to find redundant phases: target factor analysis, princi-
pal component analysis (a form of abstract factor analy-

-6 64 ... 65
sis),61 3 information theory, pattern recognition,

K-nearest neighbor analysis (a form of pattern recognition)66

and numerical taxonomy.59'684 Most of these methods have

been applied to find the sets of stationary phases that

will provide the necessary separation of various compounds,
Other researchers have proposed thermodynamically=-

based polarity scales. Novak, et al.,68 have proposed.the

Gibbs partial molar free energy of a methelene group

(Z&ngz) as a good criterion for the polarity of the

69

stationary phase, Risby and coworkers propose using

the molar enthalpy of evaporation ( AH) of tle solute

70

from solution and Figgins et al. propose using the

Gibb's free energy of mixing.

The polarity scales proposed by workers such as
Novak, Risby, Figgins, and Rohrschneider (P* scale)
are quite different from the polarity probes of McReynolds
and Rohrschneider, McReynolds and Rohrschneider attempted
to provide more than a single scale for the elusive
"bolarity" chromatographers use as a separation scale,
The convenience of a single scale is obvious and indeed
some researchers71 condense the ten McReynolds constants
to a single function: the sum of the ten constants,

Lowry et al, 71 compare many of these polarity measure-

ments, They conclude that the sum of McReynolds constants
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for the first five solute probes is perhaps the best
measure of the "polarity." However, they point out
that if other properties of the solute-solvent interactions

are important then that polarity criterion is insufficient

for stationary phase selection.
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C, Role of the Solute

Much work is reported in the literature to relate
the structure of the solute with its retention on a
stationary phase, We report only some of the more general
approaches, Takacs and coworkers®®+72 in a series of
papers have attempted to link the retention index of a
solute with molecular terms, I, and interaction terms,

I Defining the molecular term as a sum of atomic

io
terms, I, and bond terms, Iy, the retention of solute

X on a solvent, Tyo is:

I, = I, + I, = Iy + I + I3 (49)

The interaction term Ij; has been related to Rohrschneider s

constants,,56

Other workers have also correlated molecular struc-
ture and retention index, For example, Castello and
b'Amato73 have correlated the retention of alkyl iodides
with their boiling point and molecular -volume, They found
that molecular volume effect offsets the boiling point
effect., Castello and coworkers74 found that the retention
index of branched chain parafins depends on many physical
properties of the solutes, especially the molecular volume,
Streuller and Orloff75 using multiple regression analysis,
related log Vé with molecular weight, structural consi-
derations (steric factors) and T -electron bonding of the
solute. Most recently, Chretian .and Dubois?6,

in an extension of Takacs work, Thave applied
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topological analysis to solute analysis.

Target factor analysis has been successfully applied
by Howery and coworkers to test many molecular structure
and physical properties of solutes., Data matrices invol-

21

ving hydrocarbons,24 esters%6alcohols, ethers25 and other

functional groupszo’23'27 have been studied,

Parameters which target transformed well and are
associated with the solute cofactors in several of these
problems included molecular weightZl' 23"25, molar refrac-
tion21123-25 npolar heat of vaporization20‘21°23'24, boiling
point21'25'27, and carbon number,2!/25 other vectors
found important included unsaturation uniqueness for alco-
hols?l and etherszs, logarithm of vapor pressure and
hydroxyl group position for alcohols,21 and triple bond
uniqueness, aromatic uniqueness, molar volume, heat capa-
city and heat of combustion for hydrocarbons.24 Vectors
which were found important in the multifunctional group
problems included: polarizability,zo dipole moment, 20,23
Van der Waal's a and b constants,23 densit%oand dipole
moment squaredc2o

Tentative values for the carbon number equivalence of
various functionalities were assigned in the alcohol and
hydrocarbon studies.Zl'?‘4

Boiling point (°K) squared was found the dominant vectar
for the etherso25 Klages77 has shown the square of the

boiling point to be an additive molecular property.

Recently, Bach et al,78 have related the log of the retention
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time to the saqiare of the boiling point of a solute,

especially for homologous series of solutes,

From Equation 43, we expect the free energy of
vaporization, and consequently, the heat of vaporization,
and entropy of vaporization, to be possible solute cofac-
tors., In addition, according to the classical equations

45,79 (see Appendix B),

for solute=solvent interactions
the molar volume, electron polarizability, dipole moment,
and the square of the dipole moment should also be possi-
ble solute cofactors. The electron polarizability is
related to the refractive index, and especially to the
molar refraction of the solute, In view of these results
and the compatihility of equations 46 and 47 with factor
analysis, the results of the target factor analysis studies
undertaken by Howery and his coworkers have a solid basis
in theory.

Utilizing the most intriguing aspect of target factor
analysis, the preéictive capability, as described in

’

equation 22, Weiner and Howery, were able to predict
the retention index for unknown solutes in both the alcohol
study and in the study of Rohrschneider's data matrix (a
multifunctionality problem) with very good rxesults,

Thus, they were able to demonstrate the practicality of

the technique quite dramatically,

Selzer and Howery25 in the ether study demonstrated

how combinations of both solute and solvent typical (i.e..,



row and column) vectors gave reproductions with average
errors within experimental. The best combination of
physical vectors gave average errors c only twice the

estimated error.

D, Summary

The theory of gas liquid chromatography is not
complete, Explanations of the separation process are
inadequate and are theoretically valid only for the
simplest of compounds, Some attempts have been made
to accomplish some understanding of the interactions

involved and their significance, Some advances have

been made for the solute part of the process, However,

there is practically no information available for the

55

solvent part., In the following chapters, we will attempt

to provide some new insight into the solvent involve-~
ment in GLC as well as some further insight into the

solute cofactors,
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CHAPTER V
TARGET FACTOR ANALYSIS OF GAS LIQUID CHROMATOGRAPHIC
RETENTION INDICES OF WELL CHARACTERIZED,
| | MéNOMERIC STATIONARY PHASES AND

A VARIETY OF SOLUTES

A, Introduction

Zielinski and Martire determined the retention of
49 solutes on 7 stationary-phase solvents.Z)Their purposs
was to study the effect of the liquid phase functionality
on solute retention and selectivity. The liquid phases
studied were well defined, monomeric and of similar
chain length differihg only by a single monofunctional
group. The chain lengths were kept constant to eliminate
any chain length effects on the retention indices,

They found that the retention index of the normal chain

solutes could best be described by the equation

I 100 + IX Ax (50)
= +
Z n A HDA Y

where I, is the solute retention index of ligquid phase Z,
n is the number of solute carbon atoms, Z}IﬁDA is the

contribution of the solute functional group X to the re-
tention index on a straight chain alkane stationary phase

X
solvent HDA, and A&, is the retention index dispersion
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increment attributed to the solvent functional group Y
for a given solute group.

As rationalized in Chapter 1V, GIC retention index data
should provide valid TFA results, Previous TFA problems
were too complicated and poorly defined to identify the
solvent cofactors. Zielinski and Martire's data, however,
gives us a unique change to obtain the solvent cofactors.
Furthermore, they provide a model (Equation 1) which
gives valuable hints for TFA,

The data matrix was obtained from Reference 79.
Zielinski and Martire estimate the experimental error to
be less than +1 RI units. Approximately 12% of the data
points were determined by extrapolation and therefore,
probably have errors larger than #1. The data matrix
is given in Table 6 with the 49 solute names, The seven
liguid phases and their designations are listed in
Table 7.

The solutes beleng to three general classifications
incorporating 16 branched and normal chain alkanes, 17
alkenes and 16 branched and normal alkyl halides, (chlo-

rides, bromides and iodides ).



45!t 6 Retention Indices {I) at 45.0 °C

Solute

A. Normazl chain

n-Fentane
n-Hexane
n

1-Feptane

l 3
1- C‘h‘n"»kropane
1-Chiorcbutane
.1.C h‘c»rofenta"e
10. Broraoethan
11.1-Bre mopropane
12. 1-Bromobutane
13. Iodnzthane

14. 1-Iodepropane

R N N

B. Cis/trans alkenes
15. trans-2-Pentene
16. cis-2-Pentene
17. trens-2-Hexene
18. cis-2-Hexene
19. trans-2-Heptene
20. cis-2-Heptene
21. trans-3-Heptene
22.¢is-3-Heptene

C. Branched chain

“epropane
hutaneg

UJJHUUJFD )
ey ey
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]
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.2-

25. 3-

26. 2,

27.2,

28.2

29. 3-?

30. 3- !

31,2 :nvlpentane

2,2, thyipentane

33.2 vipentane

.3 ’"e"tcne

:-Q-pentene
thyl-1-buiene
-1-hexene

1

r6-2-meathylpropane
a N '
-2-methyipropane i

.ma-2-methyvlpropane
omo-2-methylpropane |

e et e < ma e+
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Solvent
HDA HDE HDC HDB - HDJI NOE DOTE
500 500 500 500 500 £00 50D
600 600 600 €00 600 €00 €00
700 700 700 700 700 700 700
481 483 457 488 489 487 249D
552 585 530 591 591 539 £91
681 €84 650 691 690 683 630
511 521 54 54 549 537 548
613 628 64 651 651 638 €643
715 726 751 752 752 739 130,
485 498 5925 528 530 518 523
589 602 629 631 634 617 €29
691 704 730 733 735 717 730
585 599 625 632 640 - 615 . 63t
687 699 726 732 739, 715 730
501 503 508 507 508, 506 o 509
505 507 311 513 . 513 510 © &14
601 605 €10 611 612 608" €10
602 605 610 611 611 €08 - 611
697 700 705 705 705 704 705
701 704 710 710 | 711 70T %10
‘685 659 €52 693 623 693 693
638 692 635 £37 653 €35. 6386
473 471 4792 471 470 474 271
570 569 383 289 567 569 569
583 583 533 553 582 582 533
535 ¢ 534 334 532 531 535 535
565 555 293 335 554 566 | 556
€56 666 £33, €35 655 667 . 658
676 675 £75 675 674 €75 €75
652 | 653 g34 6 684 653 X
625 | 625 £25 £24 622 €25 624
669 | 1659 24 €39 670 669 659
630 | 630 €23 626 630 €29
654 | 655 €56 635 655 655
635 635 636 634 63 i 637
549 ! 551 536 . 555 555 . 557
579 582 589 | 588 557 538
508 508 512 | 509 513 514
676 650 6587 657 654 656
649 653 658 ' 657 657 €58
604 607 611 ' 608 B} 8 611.
468 478 502 504 501 494 , 503
577 587 611 612 610 601 | 609
582 594 616 617 617 607 . 615
515 524 547 547 543 534 . 525
54 559 586 588 689 576 - 585
654 666 692 694 694 €79 691
660 671 695 699 699 €85 695
591 602 628 629 6217 616 €25
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_Table 7.

Uniqueness values with correlations for solvents

Solvent

Name

n-heptadecane
l1-hexadeczne
l-hexadecyl chloride
l-hexadecyl bromide
l1-hexadecyl iodide
di-n-octyl ether

di-n-octyl thiocether

Uniqueness

Correlates

Designation test value with solvents®
1IDA 0.65 1DE (.44)
HDL .33 HDA(.44)
HDC .36 HDB(.26), DOE(.29), DOT (.26)
DB .25 HDC(.26),HDI,DOE,DOT
HDI .90 HDB
DOE .30 HDC(.29),HDB,DOT
DOT .23 HDC(.26) ,HDB, DOE

Other solvents with predicted values greater than 0.15 are listed,

Predicted values greater than 0.24 are given in parenthesis.

6S



B. Factor Determination

The first step in a factor analysis is to determine
the number of factors that make up the data space. Re-
sults for the first five stages of reproduction are
listed in Table 8. Both correlation and covariance
give the same results.

As shown in Table 8, reproduction of the data
matrix using three factors results in a root mean
square (rms) error between the predicted matrix and ori-
ginal data matrix of 0.55 RI units with the largest
error, 2,95, Only 8.2% ofthe total number of predicted
points have errors greater than +1 RI units. 2 three
factor model seems likely based on experimental error
and consistent with Zielinski and Martire‘®s analysis
as embodied in Equation 1.

Table 8 also lists the value of the several func-
tions based on the theory of errors for abstract factor
analysis by Malinowski44. At a factor space of three,
the real error (RE) is estimated at 1.08 RI units, very
close to Martire's error estimate, The imbedded error
function (IE) shows a slight decrease in going from a
two factor space (0.73) to a three factor space (0.71).
Theoretically, the IE function should show a minimum
at the factor space, If the error is not fairly uniform
throughout the data, the IE will not show a minimum,

However, if the decrease in the IE function shows a

relatively small decrease between two factors then the

60



Tzable 8. Factor determination

N%mber of rms | Largest Percentage Percentage
factors erroxr errox errors %1 errprs pw%2

1 5.99 22.2 98.3 83.7

2 .87 5.1 18.3 2.0

3 .56 2.9 8.2 0.6

4 .35 1.7 1.7 0.0
Number of Réal Extracted Imbedded Indicator
factors exror .error error .. function

- (RE) (XE) (IE) (IND)

1 6.94 6.43 2.62 0.193

2 1.36 1.15 .73 .054

3 1.08 .82 .71 .068

L .88 .57 .66 .097

5 .72 .39 .61 .181

61
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factor space may be wthin those factors., BAccording to
Malinowski's theory our data is a two factor space, The
indicator function (IND) also shows a minimum at two
factors, However, the RE for two factors is overly large,
being 1.36 RI units.

We conclude from the theory of errors that the data
matrix is either a two or three factor space. In the

following analysis, we will assume a three factor space.
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C, Uniqueness Test

The usual second step in a target FA is termed
the uniqueness step. A vector consisting of a "1" for
the particular designee under test and "O0"'s for the
other designees is target transformed., 2ny solute or
solvent which exhibit particularly unique interactions
should score high on the uniqueness test, If sets of
solutes or solvents correlate, i.e,, show similar inter-
actions in the data space, they will écore mutually
high on the uniqueness test for the set. Any solutes
or solvents which exhibit similar properties in the factor
space will score high on the uniqueness test for their
complements.,

Listed in Table 9 is the result of the uniqueness test
for solvent HDA, The predicted value for HDA of 0,65
indicates some uniqueness, Values for the other solvents
are, as expected, low except for the solvent most similar
to HDA, HDE (predicted value = 0.44), This test brings
out some common property for solvents HDA and HDE,

Table 7 summarizes the results of ths step for all
the solvents listing all the wuniqueness values and the
most prominent correlations for each solvents, Solvent
EDI, due to the iodide functionality, is the most unique
solvent (predicted value, 0.90). HDC correlateshghly
with HDB and the ethers DOE and DOTE., The only solvents

without functional groups (HDA and HDE) also correlate highly.



Table 9. Uniqueness "test for solvent HDA
Solvent?® Test vector Predicted vector

HDA 1.0 0.65

HDE 0.0 .44

HDC .0 -.09

HDB .0 -.09

HDI 0 -.01

DOE .0 .14

DoT .0 -.04

a .
See Table 7 for solvent designations.
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As shown in Table 10, for thirteen representative
solutes, all the solutes are relatively non-unique,
However, iodoethane and iodopropane, do show some
uniqueness (values, .33 and ,30 respectively) and

correlate with each other indicating the special role

of the iodine atom,

65



Table 10.Unigqueness values for

renresentative solutesa

Solute

Name Number
hexane 2
l-hexene 5
l-chloropropane 7
2-chloro=-2-methyl

propane 45
bromoethane 10
l-bromo-2-methyl

propane 48
iodoethane 13
l-iodopropane 14
trans-2-pentane 15
cis-2-pentene 16
3-ethylpentane 30
2,4-dimethylpentane 33
3,3~-dimethyl-l-butene 34

Unigueness
value

0.c4
.02

.06

.12

66

a . .
Solutes iodoethane and l-iodopropane are the only solutes
which correlate
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D, Functional Group Effect on Reproduction

One of the questions we can answer with TFA is whether
a particular class of solutes or solvents has an effect
on the factors in the problem, Is a particular functional
group or class associated with one of the factors
(or interactions)? To investigate this, we tested the
effect on the factor space of removing a particular
solvent or solute class,

Table 11 shows the results of this test.

Removal of solvent HDA, HDB or HDE one at a time does not
result in a significant change in the average rms error
of the reproduction or in the percentage of errors
exceeding +1 RI units, Thus, for the solvents it is
apparent that the functional interactions exhibited by
solvents HDA, HDE and HDB are not unique but rather are
adequately represented in the remaining solvents,

For example, HDC adequately represents the halogen
functionality if HCB is removed, Removal of either sol-
vent HDI or DOE does show some significant change, not
enough, however, to alter the factor space, For HDI this
is probably related to its high uniqueness value, For
DOE the reason is less apparent especailly since we should
expect DOT to exhibit the same functionality as DOE,
though to a lesser degree., The removal of DOE is more
important than the removal of the fairly equivalent
thioether DOT,

As shown in Table 11 for the solutes, removal of the



Table 11, Effect on reproduction of removal of solute

classes and of single solvents,

3 factors
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Solutes rms Percent Largest
Solute class removed remaining error errors »+1 error
branched chain 22 .54 6.5 2.5
normal chain and
cis~-trans alkenes 27 .49 5.3 2.4
alkenes 32 .53 7.5 3.1
halides 33 .40 4.3 1.5
chlorides 42 .52 8.1 2.4
bromides 4] .49 7.0 1.8
iodides 47 .55 8.5 2.6
cis~trans alkenes 41 .56 8.4 3.0
cis alkenes 45 .56 8.5 3.1
trans alkenes 45 .55 9.5 3.0
a rms Percent Largest
Solvent removed error errors >kl error
HDA .55 8.5 3.0
HDE .55 8.1 2.8
HDC .51 6.8 2.2
HDB .57 10.2 2.9
HDI 47 5.8 1.8
DOE .44 4.4 2.4
DoT .50 6.0 3.1
Complete
data matrix .56 8.2 3.0

a
See Table 7 for solvent designations,



69

group of halide-containing-solutes, results in a significant
change in the factor space, Removal of the branched chain
or cis/trans normal alkene pairs does little to alter the
number of factors, This supports Zielinski and Martire's
conclusions that the functional groups studied here dis-
play no selectivity for the separation of cis-trans normal
alkenes pairs or for the branched alkanes, In addition,
removal of all branched chain solutes shows no significant
change in the factor space. Zielinski and Martire also
concluded that these monofunctional liquid phases exhibit
minimal selectivity toward chain branching in branched

alkenes and haloalkanes,
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E, Combination of Typical Vectors

The combination step enables us to determine the
set of typical solute vectors and the set of typical
solvent vectors that best represent the abstract cofactors
for this data space, Besides giving us an idea of the
most important solutes and solvents from an interaction
viewpoint, this step enables us to further extend the
results obtained in the uniqueness and functional group
analysis steps,

The results for the combination of typical solute
and solvent vectors are listed in Table 12, Thus, the
combination of solutes pentane, iodopropane and 2,2~di-
methylpentane reproduces the original data with an rms
error of only 0.65, This compares very favorably with
the rms error of 0.56 for the abstract reproduction using
three factors (Table 8)., The largest error between the
reproduced data matrix and the original data matrix is
only 2.6, We conclude that the three abstract solute
cofactors may be related to a straight chain hydrocarbon
(as illustrated by pentane), a halide-containing hydrocarbon
(iodopropane) and a branched hydrocarbon (2,2 dimethyl-
pentane). |

Listed in Table 13 are the fifteen best solute vector
combinations, It is apparent that some solutes can sub-
stitute very well for each other. The three best combi-
nations differ only by the substitution of pentane, hexane

and heptane for each other., Each of these solutes



typical and basic vectors, three factors

rms Largest s Correlations from
Combination error® error Vectors in best set? __best setsb
Typical .solvent
vectors 0.61 4.3 HDA, HDB, HDI HDA = HDE
Typical solute
vectors .65 2.6 pentane (or hexane), pentane = hexane =
iodopropane, heptane; iodoethane =
2,4-dimethylpentane iodopropane; 2-methyl-
hexane = 2,2-dimethyl-
pentane
Basic solvent
vectors .66 2.9 UNI, LND, DCV IND = DX = DCV:; DM = DCV
(UNI in best 30 sets)
Basic solute
vectors 2,74 8.9 NA, CN, DP DX = DAU = DXU = DEV = DP

@ Abstract reproduction, 3 factors, gives rms error of 0.55 and largest

error of 2.9.

b see Tables 7,15 and 17, respectively, for designations,.

L



Table 13.Best combinations of typical solute vectors

gombinationa ImS error
1 14 31 0.651
2 14 31 .651
3 14 31 .651
13 31 43 .662
14 31 43 .669
1 11 42 .670
2 11 42 .670
3 11 42 .670
13 28 43 .673
18 33 42 .674
11 30 42 .677
11 18 42 .677
1 13 43 " .679
2 13 43 .679
3 13 43 .679

2 see table 6 for solute designations.
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represents the associated abstract cofactor equally well.
Similarly, by comparing the fourth and fifth combination
we can see that iodethane is a valid substitute for iodo-
propane, The dominant functionality for the cofactor
associated with these solutes is the iodine group. These
relationships are summarized in the last column of Table 12,

In general, the best solute combination set requires
an alkane ar alkene, a halide, and a branched solute.
Two other observations are worth noting. First, though
2,2-dimethylpentane and 2,4-dimethylpentane are represen-
ted in the best combination sets, 2,3-dimethylpentane is
not. Secondly, vectors for branched chlorides, such as
2~-chloropropane and 2-chlorobutane are more representative
cofactors than the normal chain chlorides.

For the solvents, combination of solvents HDA, HDB and
HDI reproduces the original data matrix with an rms error
of only 0.61 and a largest error of 4.3. As is apparent
from Table 14, which lists the best solvent vector combi-
nations, solvents HDA and HDE represent the same cofactor
so well that substitution of HDE for HDA gives very similar
results. The uniqueness of solvent HDI is apparent in that
it is represented in 8 of the 10 best combination sets.
These results, then, corroborate the results obtained in
the uniqueness tests and functional group effect on repro-

duations step.



Table 14.Best combinations of typical solvent vectors

ngginationa rms error
HDA HDB HDI 0.609
NDA HDC HDI .626
HDE HDB HDI .652
HDC HDC HDI .671
HDA HDI DOT .801
HDA HDC HDB .814
HDA HDI DOE .824
HDE HDI DOT .852
HDE HDC HDB .855
HDE HDI DOE .971

See Table 7 for solvent designations,



75

F, MODEL BUILDING VIA TARGET TESTING

The next step is the target transformation step in
which we attempt to‘identify the abstract factors with
physically meaningfulvectors. The target transformation
capability allows one to test if a particular basic vector
represents one of the cofactors in the data space. Good
agreement between the predicted and test vectors means
the vector most probably represents one of the cofactors
of the space. However, one must keep in mind that this
agreement is only a mathematical one; we can only infer
the truephysical meaning of the cofactor.

Tables 15 and 17 list for solutes and solvents, respec-
tively, representative real vectors some of which tested
well and some of which did not. Halogen uniqueness, as
evidenced for both solutes and solvents in the uniqueness
test and in the removal of functional groups procedure of
the previous section, should be a good test vector for both
the solutes and solvents., For the solutes, the halogen
uniqueness vector target transforms very well, indicating
that one of the abstract solute cofactors is related to
some interaction associated with the halogen-containing
solutes. For the solvents, however, halogen uniqueness
target transforms poorly, as listed in Table 17.

As listed in Table 15, the solute boiling point
vector target transformed only fairly, meaning that some

of the predicted data points were poorly predicted,



Table 15.Summary of selected target transformations for solute test vectors

Example Qualitative

Vector name Designation values® Points _evaluation€
boiling point BP 312,354 45 £
carbon number I ff, ff 6 v
density DE 1.46,0.62 45 g
dipole moment DM 2.03,0 31 g
enfhalpy of vaporization EN £tf,7.87 19 g
molar refraction MR 19,34.6 49 g
molecular weight MW 109,100 49 g
refractive index ND 1.42,1.38 45 P
surface tension sT ff,18.2 20 f
square BP SBP 97063,125100 45 v
square DE SDE 2.13,0.4525 45

square EN SEN ££,61.97 19 £
square DM SDM 4.12,0 31 £
square 5DT ff..0019 32 £

d(boiling point) /4T

(comntinued)

~
(o))



Table 15({continued)

main chain length
number atoms

number branches
number carbon atoms
number hydrogen atoms
unity

allene uniquéness
halogen uniquecness
iodine unigqueness
solute group ‘ge

41,

e

on HDE ©

>

on halides €

>
KK XX

e
on ethers

D

MC

NA

NB

NC

NH

UNI

ULk

UXx

UI

DX

DIY

DHU
DXU

DEU

12,0
41,0

28,0

49

49

49

49

49

49

49

49

49

49

47

47

47

e} 2 \Q Q o]

<

(continued)
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Table 15 (continued)

Example test points are given for solutes bromoethane and 2,4-dimethyl-
pentane; ff are free-floated values,

-Number of test points on test vector.

v-very good agreement between test and predicted vectors; g-good

agreement; f-fair agreement (several points poorly predicted or pattern
only predicted); p-poor agreement.

Carbon number vector obtained by assigning values to straight chain alkanes
and alkenes (solutes 1-6) and free-floating all other values; see text.
Vectdrs DX, DIY and the average solute functionality vectors taken from

Tables III, IV and V, restpectively, of reference 79.

8L



Table 16, Details of selected target transformations for

solute vectors, 3 factors

Boiling poin& Alkene
squared x10~ uniqueness Solute group sx
(SBP) (UE) (DX)

Solute A
number? Tesé’Predicted Test Predicted Test Predicted

2 11.6 11.7 0.0 0.5 0.0 0.0

5 11.3 11.5 1.0 .4 1.6 1.5
7 10.2 10.4 .0 .1 5.8 6.2
45 10.5 10.4 .0 -1 5.8 5.3
10 9.7 9.9 .0 .0 6.5 7.0
48 13.3 .0 .2 6.5 6.2
13 11.9 11.9 .0 .1 7.1 7.1
14 14.1 13.9 .0 .2 7.1 6.9
15 9.6 9.9 1.0 .3 1.6 1.1
16 9.7 10.0 1.0 .3 1.6 1.3
30 13.4 13.4 .0 .5 .0 .4
33 12.5 12.3 .0 .5 .0 .0
34 9.9 10.0 l.0 .3 1.6 l.1

A% on HDE (DHU)

Y Carbon number (CN)
Testb Predicted Testb Predicted
2 0.0 Q0.3 6.0 6.0
5 3.0 2.8 6.0 6.0
7 11.0 10.9 5.9
45 10.0 9.5 5.7
10 12.0 12.3 5.8
48 11.0 11.1 7.5
13 12.8 7.2
14 : 12.4 8.1
15 3.0 2.0 5.2
16 3.0 2.4 5.2
30 .0 .8 6.9
33 .0 .0 6.2
34 3.0 1.8 6.5

2 Results for selected solutes shown. See Table 6 for
designations.

Blanks are free-floated points.



mations for solvent vectors

Table 17, Summary of gelected target transfor

Example

Vector name Designation values®
boiling point BP 576,435
density DE 0.78,1.12
dipole moment DM 0,1.83
melting point MP 295,295
molar refraction MR 81,91
molecular weight MW 241,352
log refractive index IND .1387,.170
reciprocal MW RMW .00415,.00283
square MW SMW 57831,124150
unity UNI 1,1
ether uniqueness UET 0,0
halogen uniqueness UHA Q,1
halogen & ether uniqueness UHE 0,1
halogen & thioether uniqueness UHT 0,1

Qualitative

Points?® evaluation®
6 P
6 P
4 g
5 ve
7 f
7 g
7 g
7 g
7 f
7 v
7 P
7 P
7 £
7 f

{continued)

o8



Table 17 (continued)

iodine unigueness Ul 0.1 7 v
Ar* 4 DIH 0,386 5 £
HDA a
solvent group ) DY 0,7.1 7 v
X
4 nalide d DV 0,38 7 g
lfy alkene 9 - DAV 0.8 7 g

a .
Examples are given for solvents HDA and HDI.

Number of points on .test vector.

v-very good agreement between test and predicted vector;
g-good agreement; f-fair agreement (several points poorly predicted
or pattern only predicted); p-poor agreement.

Average solvent functionality vectors taken from Table V; DIH and DY
vectors from Tables III and IV of reference 79 ; see text.

Test vector is a near-unity vector (all points approximately equal),
as are the vectors for refractive index, carbon number and number
of atoms (not shown in table).

18
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Because removal of branched solutes did not affect the
factor space in the previous section, we should not expect
a vector testing for branching to test well. As listed
in Table 15, a vectof testing for branching (designated
NB) did test poorly.

Equation 50 provides us with a unique opportunity
to test as solute and solvent cofactors the functions des-
cribed by Martire. The equation can be rewritten

Y X
I, = 100 (n), (1)y AT F A (51)

Z DA Y
where X and Y represent solute and solvent respectively.

n , the solute carbon number, is obviously a solute
cofactor whose associated solvent cofactor is constant
taken as unity. ZSIgDA, the contribution of the solute
functional group X to the retention index on straight chain
alkane solvent HDA, is the product of solute and solvent
cofactors: a cofactor associated with the solute functional
group and a cofactor associated with the solvent straight
chain. Ai,(, the retention index dispersion, is the incre -
ment to the retention index attributed to the solvent

functivnal group X. Zielinski and Martire tested the appli-

cability of the substitution:

X
AN 5, (52)

where %X and SY measure the interaction strengths of the
solutes and solvent group, respectively, and equal the

retention index dispersion due to solute group X on solwnt
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group Y. Thus SX would be expected to be a good test vec-
tor for the solutesand 'SY for the solvents.

Therefore, from Equation 51, n, the solute carbon
number should represent one of the solute cofactors and
target transform very well. A carbon number vector was
obtained by assigning carbon number values to the straight
chain alkanes and alkenes (solutes 1-6). Ideally only
the straight chain alkanes should be assigned carbon
numbers on the test vector. However, there are only
three n-alkanes in the data set. At least four data points
are required in a three factor space to provide a valid
target transformation. Howery et al, 24 found the carbon
number for n-alkenes equivalent to the corresponding alkane.
Therefore, the n-alkenes were added to the test vector.

All other data points were free-floated,

The carbon number wvector target transformed very
well (designated CN in Table 15). Details for this target
transformation are given in Table 16 for thirteen selected
solutes. Since most of the data points were "free-floated",
i.e., left blank, we can assign, using the predicted values
for the free floated data points, carbon numbers associated
with the functional groups attached to the solutes, Thus
2 methyl group attached to the 2-position of a solute has
an average carbon number value of 0.6; those attached to
the 3-position, 0.8. Two methyl groups attached to the
same 2-position carbon will therefore have a combined carbon

number of 1.2. A methyl group attached to an unsaturated
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carbon has a carbon number of 0.9; an ethyl group in the
3-position, 1.9. Similarly, carbon numbers contributions
for the halogens are: primary-chlorine (2.9), primary-
bromine (3.9), primary-iodine (5.1), secondary-bromine
(2.4), and secondary-chlorine (2.4). Thessresults corro-
borate previous carbon number values found by Howery

et al.24

Values for the solute vector AI;(DA were obtained from
Table 3 of Zielinski and Martire's paper. As tabulated
in Table 16, this vector (designated DIY) did not target
transform well., This is ﬁot surprising since this vector
is associated with both the solutes and solvents.

Though 45; is associated with both the solutes and
solvents, the retention index dispersion, 8x., was tested as
a solute vector using the following procedure. Three
vectors were obtained from Martire's data: z§§ on alkanes
is taken from Table 5 of Reference 79; Ai; on halides.
is an average of the A.§ values for the HDC, HDB and
HDI solvents; and Z&¥ on ethers is the DOE value.

As tabulated in Table 15, these vectors gave good to
fair fits in the target transformation. Details of the
targét transformation for A;( on alkenes (designated DHU)
are given in Table 16 for thirteen selected solutes, The
predicted data points are in good agreement with the
input data points., Values for the retention index disper-
sion were free-floated for the iodine-containing solutes,

solutes 13 and 14 in the table, The predicted values
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for these solutes are quite plausible, since
we expect the iodides to exhibit much the same values
as the chlorides (11.0) and bromides (12.0). Similarly,
for vectors DEU and DXU, the predicted values for the
iodides averaged 42.0 and 26.0, respectively.

We expect, however, the solute interaction strength
3 x (designated DX in Table 15) to target transform very
well for the solutes. Values for this vector were
obtained from Table 4 of Reference 79, Details for the
target transformation of SX are also given in Table 16,
for thirteen selected solutes, Agreement between the in-
put and predicted vectors is very good.

Other vectors which target transformed very well
for the solutes include the square of the boiling point
(designated SBP, details illustrated in Table 16), density
(DE), dipole moment (DM), enthalpy of vaporization (EN),
molar refraction (MR), molecular weight (MW), number of
atoms (N2), number of carbon atoms (NC) and hydrogren
atoms (NH), unity (UNI) and iodine uniqueness (UI). The
good fit for the dipole moment; enthalpy and molar ré—
fraction vectors is expvected from general interaction
theory (see Mpendix B ); molecular weight, atom number
and hydrogen number are probably related to the carbon
number vector and iodine uniqueness corroborates the
high uniqueness found for the iodine containing solutes
in the uniqueness test, Boiling point squared (SBP),

has been proposed as being directly related to the
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retention indexsland as a primary interaction parameter?
Interestingly, this vector has been found to test well
on several other gas chromatographic problems.zo‘-25

Table 16 also gives details for a solute vector which
target transformed poorly: alkene uniqueness (designated
DE). Predicted values for this vector do not match the
input values, In general, those GataApoints which should
predict close to 1.0 average only 0,.3; values which should
predict 0.0, also average 0.3.

For the solutes, additional vectors which did not
test well include: boiling point (°C), melting point
(°K and °c), viscosity, boiling point dependence on
pressure (dt/dp), AIypa, Symmetry of molecular struc-
ture, number of branched atoms, and the following unique-
ness vectors: chlorine, bromine, isopropyl, t-butyl,
dimethyl, allylmethyl, double bond and cis~trans,

From the uniqueness test, we expect a vector
gesting for halogen uniqueness (designated UHA) to tar-
get transform well for the solvents., As listed in Table
17, which lists most of the vectors tested for the sol-
vents, a halogen uniqueness vector tested poorly. Thus,
halogen uniqueness is not associated with one of the
solvent cofactors, However, a vector testing for ﬁhe
iodine uniqueness (UI), target transforms very well,
Thus, one of the abstract solvent cofactors may be asso-

ciated with a unique interaction associated with the

solvent iodine functionality.
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Similarly, all other vectors we were able to generate
from the results of the uniqueness test gave only fair
to poor transformations. Details of the
ether uniqueness (BET) vector are listed in Table 18,

As can be seen, this vector does not give a good fit.
However, solvents HDC, HDB, DOE and DOT are predicted
high on this vector. This is an indication that this
vector is transforming on to a cofactor which exhibits
the co—relationéhips of these solvents., These solvents
do correlate on the uniqueness test,

Solvent vectors obtained from Equation 54 were also
tested. Values for solvent vector‘Ai for alkenes (de-~
signated DEV) were the averaged alkene values from Table
5 of Zielinski and Martire's paper., Solvent vector AX
for halide (DXV) was an average of the reported ¢&§ !
for chlorides and bromides in the same table. Solvent
interaction vector, SY (designated DY), was obtained from
Table 4 of the above reference; Table 3 provided the
solvent ¢5I§DA (DIH) values,

From Equation 51 we expect a unity vector to be the
corresponding solvent cofactor for solute cofactor NC
(carbon number), Indeed, unity target transforms very
well as listed in Table 17, The retention index disper-
sion vector (DXV and DEV) and the interaction strength
of the functional group (DY) also target transformed

very well, Details for the solvent interaction strength

vector DY are given in Table 18, Agreement between the



Table 18. Details of selected target transformations for solvent vectors, 3 factors

Dipole Ether ' Solvent
moment (DM) uniqueness (ULT) A IﬁDA (DIH) group'Sy (DY)
5olvent® Testb Predicted Test Predicted Test Predicted Test Predicted

HDA 0.00 -.02 0.0 0.0 0. =-50. 0.0 -.1
HDE .51 .54 .0 .1 ~-19 51 1.6 1.8
HDC 1.90 .0 .5 213 217 5.8 6.0
HDB 1.96 1.95 | .0 .4 289 270 6.5 6.5
HDT 1.83 1.83 .0 ..0 386 381 7.1 7.1
DOE 1.37 vl.O .5 . 122 413 4.1
DOTE 1.86 1.0 4 246 6.2 6.1

See Table 7 for designations.

Blanks are free-floated points.

88
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predicted and input vectors is almost perfect. Details
are also given for solvent vector DIH ( ASIQDA). This
vector would seemingly be a very good vector if the pre-
dicted values for solvents HDA and HDE were better,
AIE}:DA showed similar results on the solutes; AIﬁDA
is most probably a product term for the solute-solvent
interaction of a solute functional group on a straight
chain hydrocarbon DHA and is therefore a mixed solute-sol-
vent term., Other solvent vectors which target transformed
well include dipole moment (DM), molecular weight (MW)
and the log of the solvent refractive index (LND),

Melting point apparently was also a very good vector;
however, all the data points for this vector were nearly
equal, 1In other words, the melting point vector is
nearly equivalent to the unity vector.

As for the solutes, the free-floating feature of the
target transformation step gives plausible values for
free-floating points of the better solvent vectors, For
example, the DM of solvent HDC is predicted to be 1.90,
comparable to the actual values of 1.96 and 1.83 for the
other halogen solvents HDB and HDI. Other vectors tried
but which did not test well for the solvents include:
melting point (°K and ©C), refractive index, boiling
point (°k and °c), density, number of carbon atoms
and number of atoms. The reciprocal and square of ND
and the logarithm of molecular weight, carbon number

and atom number were near-unity vectors (all points
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about equal) and therefore have no special physical
meaning.

For the solvents, 14 vectors were found which tested
at least fair; 24 vectors tested at least fair for the
solutes, Have we representative cofactors for each of
the three abstract factors of our data space? Which
ones represent the abstract factors best? Which are
equivalent? The combination step provides the answers

to these questions,
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G, Combination of Basic Vectors

The physical and structural vectors that target
transform satisfactorily represent the real, physical
analogs of the abstract cofactors., Have we satisfac-
tory analogs for all the abstract cofactors? That is,
does our set of target vectors include an analog for
all the abstract cofactors? Which set of the target
vectors best represents the abstract cofactors or
interactions?

- Combination of the solute and solvent target vectors
enables us to associate the abstract cofactors with phy-
sically meaningful vectors., The quality of the combina-
tions obtained provides us with a determination of how
well we have defined the abstract cofactors, and whether
we have associated real vectors with all the cofactors in
the problem,

Tabulated in the bottom rowhof Table 12 are the
results for the combination step for the basic vectors
for the solutes and solvents. Ail‘the target vectorsA
listed in Tables 15 and 17 which target transformed
at least fair were included in the coﬁbinations.

The best combination of solvent basic target vec-
tors reproduced the original data matrix with an rms
error of 0,66 with a largest error of 2.9, This repro-
duction is almost as good as the abstract reproduction

(0.55, 2.9).
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The best real solution consists of unity (UNI), log
of refractive index (LRI), and the solute contribution to
the retention index for the solvent chloride (DXU). Com-
parison of the twenty best sets of combinations shows the
equivalence of these vectors: DCU with the dipole moment
(DM) and the solvent interaction strength (DX) with the
log of the refractive index (UND), Unity is the most
prominent vector, being present in each of the thirty best
combinations, Therefore, unity is definitely one of the
solvent cofactors, These results are summarized in the
last column of Table 12,

The best combination of solute basic vectors is not
expected to reproduce the data matrix as satisfactorily
as does the combination of the solute vectors discussed,
The best set: atom number (NA), carbon number (NC) and
~dipole moment (DP) reproduced the original data with an
rms error of 2,74 with a largest error of 8.,9. Our real
vectors are not exact analogs of the abstract cofactors,
though very good approximations of them,

Fourteen combination sets reproduced the original
data with an rms error less than 4.,0. Solute vectors
NA and CN are represented in every one of these best
combinations, These vectors may represent two of the
three solute cofactors, The third cofactor is associated
with the third vector of these combinations, These vec-
tors include the solute combination vectors ( Aly, S)U

and the solute Z&XY vectors), and dipole moment (DP).
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H, Complete TFA Model

The solutes and solvents involved in this study

are not expected to exhibit any strong electron donor or
acceptor properties., The molecular interactions involved
are primarily Van der Waal's type interactions. As des-
cribed in Appendix B, the Van der Waal's interactions are
usually described by (1) a dispersion term, Ey, related

to the solute molar volume and the electron polarizabi-

lities of both solute and solvent, (2) an induced dipole-
dipole term, E;, related to the dipole moment and polari-
zabilities of the interacting moleculas and (3) a dipole~-

dipole term, E related to the solute and solvent dipolse

Ol

moments, Thus, the total Van der Waal's interaction,

E can be described as:

TI
ET = E4q + E:i + Ed (53)
Equation 53 can be rewritten as:
x .
Iz = 100 (), (1), + Alpa +8XSY (54)

where subscripts x indicates a solute cofactor and y a
solvent cofactor. Z&ﬁDA is a combined solute-solvent
cofactor term., We have found this to test as a solute
cofactor in the target transformation step,

Using target testing, we have related the retention
index of solute x on solvent y to a variety of factors,

including real dispersive and dipolar interaction terms.
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As f&und in the combination step, the best set of physically
meaningful cofactors for the solutes involves NA, CN and DP,
nad for the solvents involves UNI, LND and DXV, DXV was
found equivalent to DM, In an analogy with equation 53 we
can match these solute and salvent cofactors into dispersive,

induced dipole and dipole-dipole terms:

I, = k1 (CN)y (NC)y + ko (NAa)x (LND)Y + k3 (DP)yx (DM)y  (55)

UNI is equivalent to (NC)y, the solvent chain length (equals
8 for the constant chain length solvents), and Kj, k, and k3
are constants. All terms are products of solute-solvent
contributions.

Equation 55 is a complete TFA model consistent with
general interaction theory. In the next section we will test

the validity of this equation.
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I, DPredictions Using Key Basic Vectors

To illustrate the applicability of Equation 55
we may solve for constants kl' k2' and k3 using the
retention index data for three solute-solvent pairs
(three unknowns, three equations) and test the resul-
tant equation on new solute-solvent pairs. Two approaches
can be employed: (1) use the best sets of solutes and
solvents as found in the combination step for solute and
solvent vectors and (2) use regression analysis for
all solute-solvent pairs for theentire data set,

As an example of the first approach, we may take
the retention equations for three solute-solvent pairs:
pentane, on solvent HDA, 2,2-dimethylpentane on HDA and

iodopropane on HDC, as follows:

pa = 500 = k3 (5) + k, (17), (.157)gpp + k3(0), (0),

Ipentane, 2

(56)
Idimepentane, HDA < 625 = kl(6l5)x + k2(23)x(0‘157121DA + (57)
Iiodopropane, mpc = 726 = k;(8.13), + k,(11),(0.162)yp + (58)

k3 (2.04) (1.96)

Solving for the constants kj;., ko and k3 we find: kl = 83.732,
ky, = 30.475 and kg = -2.2628. Alternatively, using
a regression analysis of all data points to obtain re-

gression constants ki, ko and ky, we obtain: k; = 75.807,

k, = 35.819 and k3 = -0.17518.
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Thus Equasion 54 becomes:
I_ = 83.732 (CNh), s {liC), + 30.475 (NA)X-(LND)y

o Pas \4

- 2,2628 (DP)X'(DM)X

Testing these results on new solute-solvent pairs
gives very good results. For example, the retention index
of cis-3-heptene on solvent HDI, using the constants

obtained in the first approach, is:

= 83.732 (7.096) + 30.745 (21):(0.170
Ie, mpp = 83-732 (7.096) 0 (21)- ( )

+ (-2.2628)-(0.356)-(1.83) = 701.5 RI units

The reported value is 698 + 1 retention index units.
Using the regression constants, we obtain 665.8 RI units.

Similarly, for the retention of solute 2-bromo-2-
methylpropane on solvent HDI we obtain 622.7 RI units
using the constants from the first approach and 584 using
regression constants. The reported value is 602 RI units.

Calculating the "k" constants using other sets of vec-
tors gives the same trend in predicted values.

The success of these predictions is a very powerful
Wwndication of our model pairing of cofactors. Table 19
is a tabulation of predicted retention indices for
arbitrarily selected data points compared to their ex-
pected retention indices. The agreement is highly satis-
factory with an average error of 9.8 retention indices.

Equation 59 was used.

(59)

(592)



Table 19.Predicted retention indices for nineteen
arbitrarily selected solute-solvent pairs

Solute? SolventP Predicted® Literature9 Error
1 HDA 500 500 0
3 HDC 631 626 5
5 HDA 588 582 6
5 HDI 594 591 3
5 HDE 589 585 4
8 HDC 642 649 -7
9 HDE 746 726 20

19 HDI 688 702 -14
23 DOE. 468 474 -12
26 HDA 519 535 =16
28 HDE 666 666 0
33 DOE 629 630 -1
35 HDI 647 634 13
42 HDI 496 501 5
45 HDA 544 515 29
47 : HDC 692 681 11
49 HDB 618 629 11
49 HDIXI 623 602 21

a

b

See Table 6 for solute designations.

See Table 7 for solvent designations,

c . . C . .
Predicted retention indices using equation 59,

Retention indices from Table

6‘
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J. SUMMRRY

In summary, we have performed a target factor analysis
on gas chromatographic retention index data obtained on
well defined liquid phases ofsimilar chain length and
flexibility. We find that three abstract factors are
sufficient to explain the real factor space. Zielinski
and Martire also proposed a three term empirical model.

For the solutes, the iodides are the only unique
solutes. Combinations of typical solutes vectors show
that the solute cofactors consist of vectors associated
with an alkane or alkene, a halide and a branched solute.
Twenty four real solute vectors target transformed well im-
cluding vectors associated with atom number, carbon
number, boiling point, dipole moment, enthalpy, molar
refraction, halogen uniqueness and four vectors obtained
from Zielinski and Martire's empirical model. The
key physically significant solute cofactors, as found via
a combination step, were carbon numbef, atom number and
solute dipoie moment.

For the solvents, HDI, the iodide solvent, was most
unique. Combination of the solvent vectors show that
the best sets include either an alkane or alkene (HD2 or
HDE), a bromide or chloride (HDB or HDC)and the iodide
(HDI). Fourteen real physical and structural vectors
target transformed well, including vectors associated

with dipole moment, molar refraction, molecular weight,
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log of refractive index, unity, iodide uniqueness and faur
vectors obtained from Zielinski and Martire's
tabulation, The best physically significant solvent co-
factors were identified, via a combination step, as unity,
log of refractive index and Zielinski andeartire's in-
teraction strength associated with dipole moment.

The solute and solvent cofactors are related according
to Equation 55, consistent with Zielinski ané Martire's
equation and interaction theory. A model from target factor
analysis is then used to predict the retention index of new

solute-solvent pairs,
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CHAPTER VI
TARGET FACTOR ANALYSIS OF GAS-LIQUID CHROMPTOGRAPHIC
RETENTION INDICES OF MONOMERIC SOLVENTS
AND SIX SOLUTE SETS

I. INTRODUCTION

A, Introduction

Information on the effect of stationary phases
on gas chromatographic retention indices is lacking
because of the inherent complexity of the problem.
Questions such as "Which phases are redundant?"
and "which phase is most appropriate for a particular
problem?" have given rise to a host of proposals in-
cluding various definitions of the elusive property
"polarity." 2As described in Chapter IV, McReynolds
has resorted to ten functional Ypolarity" probes55
while others have attempted to define only single
polarity probes,

Are McReynolds' ten constants adequate as descrip-—
tors of the separation process? Are they redundant?
Do the ten solutes selected represent the best set of
solutes to be used as functional probes?

From a theoretical viewpoint, how many physical

interactions are involved? Wwhat are they? Are any of



them unique to a particular solute or solvent?

From a practical standpoint: How does one select
a solvent phase? 1Is there a way of predicting RI data?

McReynolds has compiled a large consistent data
base of retention indices at two different temperatures,
for over 150 solutes on approximately 200 solvent
stationary phases.85 We have, for the purpose of a
TFPr analysis, compiled six subsets of this data. Our
major purpose is a TFA study of the stationary phases.
In addition, we have carried out the analysis for the
solutes in these subsets,

Because we are most interested in studying the
stationary phases, we have selected eighteen monomeric
solvents, We have purposely eliminated all polymers
or mixtures. This will allow us to develop test
vectors for the solvents,

Retention indices at 120°C for the six problem
sets studied were taken from McReynolds' compilation.So
The data is tabulated in Appendix C. McReynolds'
estimateé the experimental error at +3-+5 RI units with
some points of greater 'error.81

Table 20 is a list of the eighteen liquid phases
with their designations and some structural formulas,
The solvents include esters (pthalates, adipates, and
sebacates), sucroses, amides, fluorine, and a phosphate.

Diglycerol, a compound known to GC workers for its

unique behavior,64 is also included in the solvent set.
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Table 20: List of solvents

Name

Bis- (2-ethoxyethyl)pthalate
Dibutyltetrachloro pthalate
Di-2-ethylhexyl adipate
Di-2-ethylhexyl sebacate
Diglycerol

Diisodecyl pthalate

Dioctyl pthalate

Dioctyl sebacate

Flexol 8N8

(CoH5CH (CHg ) CO0) oN (COCH (CoH: ) C,H, )

9
Hallcomid M18 (N,N-dimethyl stearamide)
Hyprose SP-80 (2-hydroxypropyl sucrose)
Isooctyldecyl adipate

Quadrol (N,N,N*,N'-(2-hydroxypropyl)-
ethylene diamine)

SAIB (Sucrose acetatehexaisobutyrate)
SOA (Sucrose octaacetate)

TMP Tripelargonate (Celanese Ester

Tricresol phosphate

Zonyl E-7
¢(COO(CF2)nCH3),n: = 3 and 5,mainly
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Two sets of solutes include representative solutes
from the alcohols, aldehydes, ketones, etHers, esters
(acetates and propionates) and hydrocarbons. A basic
set (which we designate as MC33) includes 33 solutes
and a more complicated set of 53 soluteé (desinated
as MC53) includes all solutes in MC33 plus 20 branched
chain solutes,

‘The other four solute sets were carbonyl sets: 1) 14
simple ketones (designated KETI) 2) 23 simple, branched’
and dione ketones (KET2); 3) 16 aldehydes (ALDE) and
4) a combined KET2 and ALDE set (CARB), Some of the
questions we hoped to answer with these sets are: Does
the addition of branched compounds increase the factor
space? How different are the ketone and aldehyde functional
groups from a GC viewpoint? How would the results we obtain
on these specific solutes compare with previous TFA
results on other solutes such as the h?drocarbons,
alcohols, and others. Table 21 lists the solutes for all
the data sets.

The bulk of the analysis was obtained using the'
correlation matrix for each problem. However, because
of the nature of the data we expect equivalent results
for an analysis of the covariance matrix. We have
shown that TFA analysis on problem set KET1l using both
the covariance and correlation matrices gave equivalent
results,

To simplify the presentation, most examples given

in this and the following chapters will be for problem



Table 21: List of solutes

Symbol Solute Name? Symbol Solute Name?
ALDE (aldehyde):
A2 acetaldehyde All heptanal
A3 propanal Al2 2-ethylhexanal
A4 butanal Al3 acrolein
A5 isobutanal Al4 mathacrolein
A6 pentanal Al5 crotonaldehyde
A7 isopentanal Al6 2-ethyl-2-butenal
AS 2,2-dimethylpropanal Al7 2-ethyl-2-hexenal
al0 hexanal Al8 2,4-hexadienal

KET1 (simple ketone)* and
KET2 (expanded ketone):

Kl acetone* " K15 2‘4—dimeth¥l—3—pentanone*
K2 2-butanone K16 2-octanone

K3 2—pentanone: K17 2-nonanone

K4 3-pentanone K18 5-nonanone

K5 3-methyl—2;butanone* K19 cyclopentanone

K6 2—hexanone* K20 cyclohexanone

K7 3-hexanone * K22 5-hexen-2~-one

K8 3-methyl-2-pentanone K24 4-methyl-3-penten~2-one
K9 2—methyl—2—pentanone* 5 K25 2,3-butadione

K10 3,3-dimethyl-2-butanone” K26 2,3-pentadione

K1l 2-heptanone K27 2,4-pentadione

K12 3-heptanone

CARB (carbonyl):
2l1ll solutes. from ALDE and KET2,
(continued)
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MC33 (McReynolds® straight chain) and
MC53 (straight and branched chain):

oLl
oL2
OoL3
OL4
oL5
OL6
oL7
oL8
oL9
0oL10
A3
B4
A5
A6
A7
A9
all
K2
K6
K8
K10
K16
K28
ES1
ES2
ES3
ES4

2 Solutes with superscript,

in MC53 problem only.

" ethanol

propanocl

pentanol

hexanol

cctanol

isopropanol®
2-butanol™
2-methyl-l-butanol+
2-methyl-l-pentanol®
2,2-dimethyl-l-propanol+
propanal

butanal

isobutanalt

pentanal

isopentanal+
2,2—dimethylpropanal+
heptanal

2-butanone

2-hexanone
3-methyl-2-pentanonet
3,3-dimethyl-2-butanone
2-octanone ‘
3-methyl-2-butanonet
ethylacetate
pentylacetate
hexylacetate
isobutylacetate+

ES5
ES6
ES7
ES8
ES9
ET1
ET2
ET3
ET5
ET6
ETZ
0oX1
0X2
0X3
ARl
AR2
AR3
AR4
ARS
ARb
AR7
ALl
AL2
AL3
AL4
ALS

2-methyl-~2-butylacetate™
ethylproprionate
pentylproprionate
isobutylproprionate++
isopentylproprionate
ethyl ether
butylethylether
propylether
pentylether
isopropylpropylethert
isopropylether+
ethylene oxide
propylene oxide
1,2-butylene oxide
benzene

toluene

p-Xylene

ethylbenzene
o-xylenet
o-diethylbenzene’t
p-diethylbenzenet
ethane

butane

hexane

tetredecane
hexadecane

*, in KET1 problem; solutes with superscript, *,

SOT
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set MC33. Results for all problem sets are given following
the MC33 results, The determination of the proper factor
space will be illustrated in the concluding half of this
chapter. 1In the ?ollowing two chapters we will describe

the results for the solvents and solutes, respectively.
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B, Factor Determination

In Table 22 are listed the results of the factor
determination for the six problems, All of the problems
are apparently six factor spaces except the KET2 problem
(four factors) and the MC53 problem (seven factors).
Detgr@ination of thecorrect factor space was accomplished
by comparing the RMS error, the percentage of errors greater
than experimental (+5 RI) and the largest reproduced errors.
For example, we determined the factor space for the ALDE
problem set by observing that at six factors the RMS error
between the predicted and original data matrix is only
1.50 and only 1.4% of the predicted data matrix points
had errors greater than +5 RI units when compared with
the original data matrix. For six factors, the largest
error was only 5.7 RI units which is probably within
experimental.

The Malinowski functions give nearly the same results
as predicted above. Generally, the imbedded error func-
tions (IE) and the indicator function (IND) have minimums
at the respective factor space for each problem. However,
the IND function on the KET1l problem set shows a minimum
at three factors, though the IE gives the correct four
factor minimum., The real error (RE) averages 2,4 RI units
for the six problem sets, slightly less than the predicted
experimental average error of +3 - +5 RI units. The RE
error for the KET1l problem is significantly higher,

which may be related to the failure of the IND function



Table 22. Summary of reproductions for each problem

Problem. Number of Number of rms Largest Pércentage
‘designation _solutes factors  error error exrors > 5
ALDE 16 6 1.50 5.66 1.4
KET1 14 4. 1,73 5.65 ' .2.0
KET2 23 6 1.51 7.6l 1.2
CARB 39 6 1.94 9.87 2.7
MC33 33 5 1.94  9.09 3.9
MC53 53 7 1.81 8.6l 2.5

80T
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to indicate the proper factor space.

Branching increases the factor space at least by
one as evidenced in MC53 and KET2, Thus MC53 and KET2
have at least oné additional interaction due to branching
as compared to MC53 and RETl, respectively, which do
not contain any branched solutes,

Apparently, the ketone and aldehyde solutes repre-
sented in problem sets ALDE and KET2 exhibit similar
interactions, Their combination in the CARB problem
retains the same six factor space of the smaller subsets.

Originally the MC33 and MC53 data sets included an
extra solute: butyl ether. During the original factor
determination, the predicted data point for butyl ether
on solvent dioctyl sebacate was found to have the largest
predicted error (12 RI units). Increasing the factor
space to 9 or 10 factors did not affect substantially
the absolute value of this error though all the other
data point errors were decreased as expected, Graphing
the retention indices of homologous ethers on dioctyl
sebacate vs. their carbon numbers should result in a
straight line. 2 graph for the ethers shows the value
for butyl ether to deviate by approximately 12 RI units,
We conclude the published value for the RI of butyl ether
on dioctyl sebacate to be in error by -12 BRI units. 2s
a result, to avoid any ambiguity in our problem sets,
we removed butyl ether from the problem sets. (Inter-
estingly, the uniqueness test /see below/ did not pick

this error up; the uniqueness value of butyl ether is .0.02).
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CHAPTER VII
TARGET FACTOR ANALYSIS OF GAS-LIQUID CHROMATOGRAPHIC
RETENTION INDICES OF MONOMERIC SOLVENTS
AND SIX SOLUTE SETS

IT. CHARACTERIZATION OF SOLVENTS

As described in Chapter VI, six solvent-solute sets
were derived from McReynolds Compilationeoand their res-
pective factor spaces determined. 1In this chapter, we
will describe the characterization of the solvent eo-

factors.

A, Unigqueness

Table 23 summarizes the uniqueness test results for
the solvents on the six problem sets. Solvents digly-
cerol (E) and Zonyl E7 (R) are the most unique for
every problem set (averaging .99 and .95 respectively).
Diglycerol is a stationary phase long known for its
unique behavior6,l‘64“82 probably due to its hydrogen bonding
ability: Zopyl E7, a fluorine-rich compound, is unique,
probably due to the halogen electronegativity.6l
Solvents Hyprose SP80 (K), quadrol (M) and SOA (0)
are moderately unique (averaging ,717, .472, and ,715,
respectively) on all the problem sets, except KETI,
Except for S2IB, they are the only solvents which have

a /g—hydroxy or ZA -carboxy functional group, The



Table 23, Uniqueneés tests for solvents., McRevnolds' problems.

CARB problem, 6 factors

MC33 problem, 6 factors

Uniqueness Correlates_with Uniqueness Correlates, with
Solvent® test value solvents test value solvents
A 0.36 B(.26),1,J,Q 0.19 B,Q
B .24 A(.26),1,J,Q 142 A,G,0,0(.25)
C .14 .14
D .14 .13
E .99 .99
F .10 .11
G .13 .13 B
H .14 .13
I .17 A,B,J,Q .12 J
J .14 A,B, I .24 I,M
K .66 M(.42) .45 M(.33),N,0(.25)
L .14 .13
M .32 K(.42) .55 J,K(.33).Q
N .19 0(.31) .28 K,0,P
0 .83 N(.31) .61 B,K(.25),N,P
P .18 .17 N
Q .18 A,B,I .28 A,B(.25),M
R .98 .94
a
b See Table 20 for solvent designations.

Other solvents with predicted values greater than 0.15 are listed.
predicted values greater than 0.24 are given in parenthesis.

(continued)
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Table 23 (continued)

ALDE problem,

6 factors

MC53 problem, 7 factors

Uniqueness\ Correlates with Uniqueness

Correlates with

Solvent?® test value _solventsP test value _solventsP
A .37 B(.26),I,3,Q(.25) .32 M,0,Q(.30)
B .25 2(.26),1,3,Q .69 K,Q
C .16 L .14
D .14 .14
E .99 .99
F .09 .12
G .14 N.O .14 Q
H .14 L .14
I .15 A,B .16 J
J .14 A,B .26 I,M
K .53 M(.42),0 .75 B,M(.27)
L .16 C.,H .14
M .56 K(.42) .56 A,J,K(.27).0
N .29 G,0 .28 0(.31)
0 .57 G,K,N(.37) .74 A,N(.31)
P .16 .14
Q .19 A(.25),B .33 A(.30),B,G,M
R .95 .98
(continued)

AN



Table 23 (continued):

KET1 problem ,4 factors ~ _ __KET2 problem 6 factors
Uniqueness Correlates with Uniqueness Correlates with
Solvent? test value _solventsP test value _solventsDb
A A3 K .23 I,M
B .08 .10
C .09 .15 D,H,L
b .14 _ .21 C,H,L
E .98 .97
F .08 .10
G .08 .10
H .14 .24 c,D,L
I .09 .20 2,M
J .09 .14
K .44 A,M(.28).,0(.28) .87 M
L .12 .18 C,D,H
M .19 K(.28),0 .37 A,IK
N .08 R .17 0(.31)
0 .20 K(.28).,M .82 N(.31)
P .08 .10
Q .10 .10 i
R .88 N .94

€1T
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effect of the two f —;arboxy (acetate) groups in solvent
SAIB are probably swamped by the six isobutyrate groups.

Consequently, though SAIB and SOA are both sucroses they

do not shake uniqueness. (Wold and AndersonGlalso found

a unique correlation for Hyprose SP80 using 2FA)

It is apparent that the effect on retention time of
the functional groups on the molecule is more important
than the underlying carbon skeleton structure. The
hydroxypropyl group functionality seems to be more important
than sucrose or amine functionality. This is seen even
more dramatically in the correlations between the various
solvents,

Solvents K and M correlate in every problem set,
probably because of their acetate functional groups, How-
ever, K, also a sucrose but having no acetate or isobuty-
rate groups, usually does not correlate with N.

In most problems, except er KET1 and KET2Z, tricresol
phosphate (0) correlates with ethoxyethyl pthalate (7).
However, the pthalates do not correlate well among them-
selves, |

Is the uniqueness of a solvent important? How does
a particular solvent affect the factor space? 1Is there
a unique interaction associated with a particular solvent?
If there is, then we may be able to identify it from the
associated solvent molecules' structure, These questions
may be answered in the following solvent reproduction

test.
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B, Effect of Individual Solvents on Reproduction

In this solvent test, a solvent is removed from the
data set and its effect on the factor Spacé, as evidenced
in the RMS error and percentage of errors greater than
experimental, for the data with the seventeen remaining
solvents is obtained. If the removal of a particular sol-
vent results in a significant reduction of ihe “actor space,
then that solvent contains a relatively unique interaction
for the problem set under study.

The results of this test are summarized in Table 24
for the MC33 problem set. No solvent's removal affects
the factbr space significantly enough to reduce the factor
space by one. However, removal of either diglycerol (E),
Hyprose SP80 (K), or Zonyl E7 (R) has the greatest effect
on the factor space, reducing the percentage errors greater
than experimental to an average 1,6% and the RMS error
to an average of 1.69 RI units. The result is a clearer
and more definite six factor space than was obtained on
ﬁhe original data. These solvents are also the most unique>
solvents for MC33 as determined in the uniqueness test,.
Solvents B, M, and O, which are moderately unique in
the uniqueness test (see Table 23), also show better im-
provement in the percentage errors as compared to the non-
unique solvents.

Significantly, any correlations derived in the unique-
ness test for the solvent problem remain the same on all

the new reduced seventeen solvent problem sets.



Table 24, Effect of removal of each solvent vector from problem MC33, 6 factors,

Solvent column RMS Percentage Largest Solvent column RMS Percetage Largest

vector removed? error errors >+5 error vector removed? error errors)#5 error
A 1.94 3.6 8.5 J 1.87 3.6 8.7
B 1.77 2.5 7.0 K 1.66 1.6 8.7
C 1.96 3.6 9.3 L 1.95 3.7 9.1
D 1.98 3.6 9.1 M 1.83 2.3 8.4
E 1.71 1.8 9.6 N 1.89 2.1 9.7
F 1.94 3.6 8.9 0 1.88 2.3 8.0
G 1.94 3.0 9.1 P 1.89 2.7 9.3
H 1.96 3.6 9.1 Q 1.89 3.4 7.1
I 1.91 3.4 9.2 R 1.72 1.4 6.9

Complete MC33

problem 1.94 3.9 9.1

a See Table 20 for solvent designations.

STT
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For the other problem sets, removal of some solvents
does result in ‘reduction of the overall factor space by
one factor; other solvents exhibit the same effect as
the unique solvents in MC33, reducing the original factor
space only slightly.

These results are shown in Table 25, Listed in the
first column are those solvents whose removal from the
data space affects the reproduction enough to reduce the
factor space; these solvents are probably unique represen-
tatives of a cofactor in the problem,

The most unique solvents (from the uniqueness test)
seem to have the most effect on the solvent factor space.
Thus in all the problem sets, solvents E and R, the most
unique solvents, have the greatest effect on the solvent
space. .

Apparently, the unique interactions associated with
solvents E and R are not as important in the MC33 problem
set probably because of the multiplicity of functional
groups for the solvents in MC33., Therefore, the effect
of théir‘removal is consequently.not as dramatic.

In the second column of Table 25 are listed those
solvents whose removal are not as significant to the
factor space. Each of these solventé is unique enough
to provide a more definite factor determination. Compar-
ison with the uniqueness tables (see Table 23) shows that
these solvents are moderately unique in the uniqueness

test.
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Table 25. Effect of removal of solvent vectors,

all problems

Solvents influencing factor space

Problem significantly?@ slightlya
ALDE E,M,0,R —

KET1 E,R 1,K,0

KET?2 E,K,M,R A, I

CARB E,R XK,M

MC33 none E,K,R

MC53 B,R | E,K,O

See Table 20 for solvent designations.
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As found for MC33, the correlations based on the
uniqueness test are unaffected by solvent removal for

all the problems,.
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C., Combinations of Typical Solvent Vectors

Combination of the typical sblvent columns from the
data matrix should provide us with the best set of solvent
stationary phases. The best set of stationary phases, if
done on a large enough data set, may even provide a basis
for a "standard" set of stationary phases, Insight into
the identity of the actual interaction factors may then
be possible,

Table 26 lists the best sets per factor space for
each of the problem sets. For example, the best sét
of solvent vectors from the original data matrix for prob-
lem set ALDE using only one factor, i.e., one vector,
is salvent N, The average error between the reproduced
matrix and the original data matrix is 35.6 RI units,

Using two factor or solvent vectors, solvents E and J
'provide the best reproduction with an average error of
8.1 RI units. Using six factors, the appropriate factor
space for problem AILDE as determined in the factor deter-
mination'step, solvents A, C, E, K, N and R gave the
best combinations with an average error of only 1.7 RI
units, The largest error is 9.8 RI units, Compared to
the abstract reproduction results as tabulated in Table 22
(average error of 1.5; largest error of 5.8), these results
are excellent., We have succeeded in obtaining solvent
cofactors related to the abstract cofactors,
Solvents E and R are represented in the best combination

set for each problem, another indication of their high



Table26,Summary of best combinations utilizing best solvent vectors from data matrix

for each problem, 1-7 factors

Number of solvent vector cofactors used in the reproductionaf
Problem 1 2 3 4 5 6 7
ALDE 35.6 8.1 4.2 3.3 2.6 1.7(9.8) _
N E,J D,E,K D,E,K,R E,I,K,P,R A,C,E,K,N,R
KET1 31.6 4.1 3.1 1.9(9.5)
N E,F E,G,R D,E,M,R
KET2 31.9 7.3 5.8 3.6 2.2 1.7(8.4)
Q E,P C,E,M E,L,M,0 E,G,K,0,R E,J,K,L,0O,R
CARB 33.8 8.6 5.9 4.7 3.0 2.2(17.2)
N E,F D,E,K E, KN B, ¥, KX,0,R A,D,E,K,0O,R
MC33 63.9 26.2 16.9 5.8 3.2 2.2(16.5) .
Q G,Q F,K,R D,E,K,R D,E,M,0,R D,E,G,M,0,R
MC53 59.1 25.9 15.9 6.3 3.5 2.5 2.0(16.1)
Q F,K D,K,R D,E,K,R D,E,M,O,R D,E,G,M,0O,R A,B,D,E,M,0O,R
a

Upper line - rms error , Largest error in the true factor space given in
parenthesis. Lower line - typical solvents in best combinations.

See Table 20 for solvent designations.
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uniqueness. Thus, these 'are unique cofactors probably
associated with the interactions due to E's hydrogen
bonding and R's highly electronegative fluorine atoms.

Comparing the best combination sets for problems MC33

and MC53 shows an interesting correlation, The best
combination sets using four, five or six solvent vectors

are the same for each problem. MC33 and MC53 share essen-
tially the same factor space. The best combination set

usiné seven solvent vectors for MC53 is similar to the best
combination set for MC 33 using six solvent vectors, shar ing
solvents D, E, M, 0 and R. Since solvent G (dioctyl phtha-
late) is similar to solvent 2 (bis 2~ethoxy-ethylpthalate),
also a pthalate, they both probably represent the same
cofactor. Thus the seventh cofactor in problem MC53 is
probably associated with solvent B (dibutyl tetrachloro-
pthalate), probably due to its ability to form charge-transfer
complexes with aromatic hydrocarbons,83

There are many combinations of other solvent vectors

sets which provide satisfactory reproduction for each prob-
lem set, Indeed, if we assume that some of the solvents
are redundant, i.e., can represent the same cofactor, then
substitution of redundant solvents will not affect the
reproduction., For example, there are 18,564 possible com-
binations of the eighteen solvents in a six factor space.
The best thirty combinations all provide excellent repro-
duction. We can then compare the best thirty combinations

to obtain the redundant solvent cofactors, This is illus-



trated in Table 27 which lists the 30 best combinations 123

for MC33.

In the first column of Table 28 are listed the redundant
solvent cofactors obtained by comparing the best thirty
combinations for each problem set. The most apparent re-
dundancy in every problem set is that of solvents C, D,

H - and L. Each of these solvents has two C-8 or a C-8

and C-10 alkyl chains attached to carbonyl groups.

These seem to be the dominant functionality for those
solvents, Solvents F and G also contain C-8 alkyl groups,
yet they do not correlate with solvents C, D, H and L,
The aromatic ring in solvents F and G, then, probably does
induce slightly different interactions. The other cor=
relation among solvents listed in column two of Table 28
are applicable only for the particular problem set.
However, many of them vindicate correlations obtained in
the uniqueness test, For example, the redundancy of
solvents 2, B, G and Q for problem MC33 echoes the corre-
lations obtained in the uniqueness test for MC33,

2 summafy for the better combinations for factors 1— 6
in problem MC33 is given in Table 29, The percentage
of times a solvent occurred in combinations having an
rms error less than an assigned cutoff value for the
factor space is listed in this "pattern" table., For the
solvent vector combinations, the cutoff value is approx-
imately two times the rms error for an abstract reproduc-

tion for the factor space, Thus, for example, the abstract



Table 27_.Best combinations of solvent vectors for MC33 problem

rms
Combination?@ . error
EDGMOR 2.20
A DEMOR 2,22
BDEMOR 2.24
CEGMOR 2.24
DEMOQR 2.28
BCEMOR 2.29
A EHMOR 2.30
AECMOR 2.32
BEHMOR 2.33
AELMOR 2.34
BELMOR 2.34
GELMOR 2.35
EHMOQR 2.35
GEHMOR 2.36
CEMOQR 2.37

jol}

rms
Combination@ error

2.4
2.40
2.43
2.45
2.46
2.47
2.49
2.50
2.50
2.50
2.50
2.52
2.53
2.53
2.55

.

PHPOmUQUYPYOABEEA
HOFREEEREDOE DD HE
RRANQITRIGOAEHEIERE
ORRRZOOZREZRIZIEZZOR
HZ0000WOZ00000NDO
Tonwoinoow D

See Table 20 for solvent designations.
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Table28.Summary of correlations for solwents inp each problem

Correlations based on percentage tables

Correlations based o

Problem best combinations?’ Redundant solvents® Cofactor equivalencies®

ALDE C=D=H-=1, Na~O; AT E=3: R=4, K= 6,
N=0=20Q R ~ 6

KET1 C =D=H I, N =R, N ~O R=3, =4
K=M=0, M=

KET?2 C =D H=1, N =0, N~ O E=3&4 &5, R= 4,
F =G J M 0= 5,  H& K= 6

CARB cC=DbD=H=1L, L=0P7p, K™~O0 E=3, N=4, 0O& R=5
L = B = J' J = Q

MC33 C=D=Hm= [, J =K M E=4, B & R =5,
A = B G = Q C=D=H-=1L N & O =6

MC53 C=D=H=1 N=O, r=G, K= M-=20 E=4, R=5, B=7
A=0Q, F=G, K= M,
G =L

Solvent designations taken from Table20. Solvents connected by "=" correlate very

welly solvents connected by "~" correlate only moderately well.

b pased generally.on best 30 combinations,

YA



Table 29. Percentage of better reproductions involving typical solvent column vectors
from data matrix for MC33 problem

Number of solvent vector cofactors used in reproduction

Solvent 1 2 3 4 5 5}
A 6 15 19 20 32 31
B 6 7 15 2 40 34
C 6 11 13 13 13 15
D 6 11 13 15 14 17
E 0 13 16 100 100 100
F 6 9 16 15 14 21
G 6 9 17 13 14 24
H 6 11 12 15 14 16
I 6 12 21 21 23 28
J 6 6 21 31 32 29
K 6 14 18 32 31 35
L 6 11 14 15 12 14
M 6 14 19 30 31 39
N 6 14 17 18 4 36
o 6 13 20 21 26 46
P 6 9 12 8 8 16
Q 6 14 18 13 13 19
R 6 7 19 23 81 88
Total number of )
combinations: 18 153 816 3060 8568 18654
Cutoff for better
reproductions (rms) 130 59 36.9 9.91 5.61 3.91
Number reproductions ‘
less than cutoff: 17 100 500 200 200 200
(continued)
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Table 29 (continued).

rms error, abstract

reproductions: 65.6 24 .4 15.8 5.2
Best combination:
rms error: 63.9 26,2 16.9 5.8
vectoxrs: Q G,Q F,XK,R D,E,K,
R

Solvent designations taken from Table 20.

Lzt
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reproduction using six factors on MC33 has an rms error

of 1.90. The cutoff for the six factor percentage column
was selected as 3,91. 1In this case, 500 combinations had
a rms less than 3.91 and the percentage of times a given
solute occurred in these 500 best combinations is given
in that column. Thus, solvent E occurred in all (100%)
of the best 500 combinations of solvent vector cofactors
for six factors in problem MC33, Solvent R occurred in
88% of the combinations; however, solvent L occurred in
only 149%.

For a given number of factors the more important vec-
tors are probably those which have the highest percentages.
Thus solvents E and R are probably the most important sol-
vent vectors in MC33, They most likely represent two of
the cofactors in the MC33 problem. Solvent L, however,
probably does not uniquely represent a solvent cofactor;
other solvents can adequately represent the particular
cofactor. To a lesser extent solvent 0 with a percentage
of 46% in the six factor space also may represent ade-
quately one of the cofactors.

In a similar type of analysis, Dupuis and Dijkstra82
also demonstrated the uniqueness of solvent E in a com-
bination of solvents using information theory. Similarly,

Wold and Anderson61

. using abstract factor analysis, ob-
served the highly unique character of solvent E.
The data in this t2ble may enable us to associate

a particular solvent with the abstract eigenvector.
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If a particular solvent increases dramatically in percentage

when going from a factor space to the next larger space,
that solvent may be associated with the abstract eigen-
vector added to the space, Solvent E exhibits a marked
increase 1in percentage (13% to 100%) when going from a
three factor space to a four factor space, Ve may associ-
ate solvent E with the fourth factor. Similarly solvent
L is associated with the fifth factor (23% to 81%).
Solvent B may also be associated with the fifth factor
(2% to 40%). Solvents N and O are both associated with
the sixth factor. Thus, we may conclude that the fourth
factor is the unique interaction associated with solvent
E, diglycerol, which is probabiy hydrogen bonding. The
fifth factor is probably a halogen-associated interaction
(both solvents B and R are halogenated) and the sixth
factor is probably associated with acetate groups on a2
sucrose backbone (i.e., solvents N and 0O).

The numerical patterns for solvents J, K and M are
similar in going from one to six factors, This implies
that the solvents J, K and M are equivalent; they behave
similarly throughout the entire factor space in MC33.
Bxchanging these solvents should give similar results
in the combination step. Similarly, the same conclusion
can be made for solvents C, D, H and L. &2lso, as determined
by comparing the best thirty combinations, they are essen-
tially redundant solvents,

These results are summarized in tle last two columns
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of Table 28. Redundant solvents, as determined in pat-

tern tables similar to Table 29 for MC33, are listed for
each problem in column two; cofactor equivalences are
listed in column three. Table 28 thus provides a list
of the redundant solvents as determined by comparing the
' best combinations and analyzing the pattern tables.
Substitution of one vector for aﬁother should provide
similar results in a separation problem.

The uniqueness test, the solvent effect on repro-
duction and now, the combination of solvent vectors all
exhibit the unique cofactor equivalency of solvents
E and R, 2As listed in column three of Table 30, solvents
E and R are equivalent to two of the cofactors. We have
no other solvents which exhibit nearly as well the
interactions associated with these two solvents,

The solvent sets giving the best combinations could
make good representatives for "standard" phases, The
solvent equivalences listed in Table 28 could provide

substitute solvents for some of the "best" solvents.
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D. Target Transformation of Basic Vectors

Physical data for the solvents are unfortunately
unavailable. 2n attempt to obtain data from the
manufacturers and distributors was fruitless. For
example, Supina84 of Supelco, Inc., advised us that
since these compounds are usually of technical grade,
physical data, even if available, would be entirely
inaccurate., Therefore, we were forced to rely solely
on sﬁch physical data vectors as molecular weight,
molar refraction (calculated from individual group
contributions) and the maximum operating temperature
as recommended by the various distributors.85

Fortunately, we were able to test a host of structural
vectors. These include uniqueness vectors testing for
aromaticity, carbonyl, ether, phthalate, sucrose, halogen,
and hydroxyl functionality, and individual solvent unique-
ness, In addition, we devised "scaling" vectors which
test for the value of a particular atom or functional group
in the solvent, such as atom, carbon, oxygen and halogen
atoms and hydroxyl groups.

We are especially interested in the McReynolds constants,
based on ten functional probes.55 As a single measure-
ment of the total polarity, the sum of all ten constants
or the first five conitants has been proposed. McReynolds
also reported the slope 'r' and intercept 'b' for each of

the solutes, These fourteen vectors then are most important
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in our analysis,

In the target transformation step as well, we can
test the correlations obtained in the uniqueness tests,
These "correlation" vectors may represent those specific
interactions unique to the solvents represented in the
vector. Additional vectors may be obtained by optimizing
these vectors from their results on the target transfor-
mation test,

Listed in Table 30 are some selected target transfor-
mation vectors for problem MC33. The vectors with
their aesignations are tabulated together with a qualita-
tive evaluation for each vector. Thus, a molecular weight
vector (designation:MW) target transformed well (qualita-
tive evaluation = good); a halogen uniqueness vector
(designation: UX) did not transform wall ,evaluation =
ponr).

Vectors tested included physical vectors (eg.,, mole-
cular weight, molar refraction), structural vectors in-
cluding uniqueness vectors (eg.,;romatic uniqueness) and
number vectors (i.e., number atoms per molecule ) and
correlation vectors derived from correlations observed
in the uniqueness tests (eg.,, CV1l, CV2)., 2ctual results
for five of the test vectors on MC33 are given in Table 31,
including vectors which we evaluated as good (MR, CV1),
very good (M7), fair (NO), and poor (NS).

2As expected, the molar refraction of the solvents (MR)

gave good results, Table 31 gives an example



Table 30.Summary of selected target transformations for physically

significant solvent test vectors from MC33 problem, 6 factors

Example Qualitative
Synbol Name of test vector values® Pointsb evaluation®
MW molecular weight(ﬂ 37,678 -~ 18 g
MR molar refraction® 108,141 18 g )
M1 McReynold'é constant-benzene 76,344 16 v
oT maximum.recommended . '
operating temperaturég fE, f£ 11 f
UNI unity 1,1 18 v
NA number of atomsd 68, 85 18 g
NC " " carbon atoms9 22,28 18 g
NH " " hydrogen atoms 42,38 18 g
NOH " " hydroxyl groups 0.0 18 £
NO " "  oxygen atoms‘ ) 4,19 18 £
NS " " sjide chains 2, ff 15 P
NX " " halogen atoms 0.0 18 P
UA aromatic  uniqueness 0,0 18 g (continued)
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Table 30. (Continued)

uc carbonyl " 1,1
ub dicarbonyl * 1, ff
UE ether linkage " 0,1
uG diglycerol " 0,0
UN nitrogen " 0,0
UCH hydroxyl " 0,0
Up pthalate " 0,0
us sucrose " ) 0,1
Ux halogen " 0,0
874 Zonyl E-7 " 0,0
cvl correlation veector 1P 0,0
cv2 " « 2h 0.1

18
16
18
18
18
18
18
18
18
18
18

18

a Examples are given for di-2-ethylhexyl adipate (solvent C) and

b

SOA (solvent 0O);

ff are free-floated values.

Number of points on test vector.

(continued)
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Table 30, (Continued)

c v-very good agreement between test vector and predicted vector;

g-good agreement; f-fair agreement (several points poorly predicted

or pattern only predicted); p-poor agreement.

d For Zonyl E-7, n taken as 4 (see Table 20).

e

f

Molar refractions calculated from group contributions or from

refractive index data.

All of McReynold's constants, including 'b' and 'r', as well as the
reciprocal, square and log of the vectors, tested as very good
vectors. Designations for the other McReyﬁold's constants;
MZ-butanol; M3-pentanone; M4-nitropropane; MS5-pyridine; M6-methyl-
pentanol; M7-iodobutane; M8-octyne; M9-dioxane; M1l0O-hydrindane;

Mb-constant 'b'; Mr-constant ‘'r'; MF-sum of M1 to M5; MT-sum of

Ml to M1O.

9 Taken from references 85 and 87.

h See Table 34 for details.

SET



Table 31. Details of selected target transformations for MC33 solvent problem, 6 factors

Molar McReynolds' con- No. of Correlation
refraction (MR) stant iodobutane No. oxygen (NO) side chains (NS) vector CV1
Solvent® Test Predicted TestP predicted Test predicted TestP Predicted Test predicted

A 80 96 190 183 . 6.0 5.8 0.0 -.2 1.0 0.9
B (96) 86 141 4.0 4.6 .0 -.1 1.0 .9
C 107 140 71 68 4.0 5.2 2.0 1.4 0.0 -.1
D 126 133 68 69 4.0 4.8 2.0 1.4 .0 2l
E 38 39 245 248 5.0 5.1 .0 .0 .0 .0
F 135 109 83 86 4.0 2.4 2.0 1.1 .5 .5
G 113 ‘103 92 96 4.0 2.3 .0 -.9 .5 .6
H 126 131 68 70 4.0 4.7 .0 1.3 .0 i
I 139 127 ag a0 5.0 3.4 3.0 1.4 .0 .2
J 141 132 82 77 1.0 2.4 1.0 1.8 .0 .2
K 204 163 310 287 19.0 16.7 -.8 .0 .1
L 120 135 (72) 69 4,0 4.9 1.0 1.4 .0 .0
M 76 119 208 233 4.0 6.7 .0 .1 1.0 .8
N 192 180 147 152 19.0 14.7 .2 .0 -.4
o) 141 160 292 300 19,0 21.5 -2.1 .0 .2
P (161) 154 77 85 6.0 8.3 1.0 1.1 .0 -.1
Q 103 77 169 159 4.0 2.0 .0 .2 1.0 1.0
R 135 133 l46 144 8.0 8.8 .0 .2 .0 .1

@see Table 20 for designations

bplank points and known values in parenthesis were free-floated.

9€1



137

target transformation for MR on MC33, Two points were
free-floated as evidenced by the parenthesis. Their
predicted values are in excellent agreement with the known
calculated values, especially considering that the input
molar refractions were calculated from group contributions.

The entire set of fourteen vectors from McReynolds'
compilation (M1 through M10, Mb, Mr, MF and MT) gave
excellent agreement between predicted and tested vectors,
The second vector in Table 31 is an example for the
iodobutane constant on MC33. Testingcof the log, recipro-
cal and square of each of these fourteen vectors showed
these functional forms to give excellent results as well,

For the fourteen McReynolds Constants vectors tested,
data points for solvents B and L were free-floated., 2p-
parently, solvent B was not included in McReynold's probe
compilation, whereas the identity of solvent L on the
compilation is not clear. It is listed as octyl-decyladi-
pate. We were not sure it was unambiguously the same
as solvent L (n—-octyldecyladipate).

As can bYbe seen in Table 31, the predicted value for
solvent L is 69 for the McReynolds iodobutane solute
probe (M7); This compares very favorably with the pub-
lished value for isobutane on octyldecyladipate of 72.
In fact, the predicted value for solvent L for all
McReynolds constants is in very good agreement (+7 RI
units) with those published for octyldecyladipate. Sub-

sequent to this analysis McReyn016581 advised us that



Solvent L is indeed the octyldecyladipate listed in 138

McReynold's compilation.

Tables 32 and 33 list the predicted values for the
McReynolds constants for solvents B and L on all the
problems, The average error for the predicted values
on solvent L range from +2.,5 RI units for problem
MC33 to #12.2 RI units for problem ALDE,

The excellent agreement for these constants on
solvent I with the published values gives us great
confidence in the predicted values for solvent B, though
we have no published data to compare them with. However,
some predicted values on the MC33 and MC53 data sets are
predicted quite differently as compared to predictions
derived from the other data sets, This may be due to
special interactions between the chlorines of solvent B
and the particular probes functionality. For example,
constant iodobutane (M7) is predicted higher on MC33 than
for the other five problem sets. Probably there is a
special interaction between solvent B and iodobutane
which is picked ﬁp by the increased fﬁnctbnality of the
MC33 and MC53 problems.

Other vectors which tested well include uniqueness
vectors for solvents diglycerol (UG) and Zonyl E7 (UZ).
This is not surprising considering their highly unigque
characterization in the uniqueness test, In addition,
correlation vectors obtained from the uniquenss test (CV1,

for example) also tested quite well,



Table 32. Predicted values for the McReynold's vectors

for solvent B

Problem
Vector? ALDE KET1 KET2 CARB MC33 MC53

M1 110 116 113 117 144 157
M2 222 230 235 227 190 225
M3 178 191 186 188 153 192
M4 278 283 282 292 293 283
M5 181 202 194 185 169 283
M6 174 189 189 181 139 167
M7 105 109 109 110 141 158
M8 81 90 87 89 120 121
M9 153. 183 171 163 -~ 160 232
M10 29 48 42 34 47 92
Mb .269  .244  .250 .259  .280  .266
Mr 1.84 1.72 1.75 1.79 1.90 1.85

See Table 30 for vector designations.
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Table 33, Predicted values for the McReynold's vectors for solvent L

Problem
Vector ALDE KET1 KET2 CARB MC33 MC53 Lit .b
M1l 60 70 76 70 76 78 79
M2 175 158 163 165 173 176 179
M3 109 119 118 115 118 122 119
M4 173 194 192 189 197 197 193
M5 123 116 130 123 127 137 134
M6 136 126 131 130 136 140 141
M7 57 63. 68 64 69 71 72
M8 35 45 51 46 50 51 57
M9 100 105 118 11 113 121 119
M1l0 1 11 9 5 6 11 10
Mr .287 .284 .285 .283 .285 .283 .284
Mb 1.93 1.93 1.93 1,92 1.93 1.91 1.92

average
exrror 12.2 9.9 4.7 8.2 4.5 2.5

2 see Tab19'30for vector designations.

From reference 55 .
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The oxygen number vector (NO) as illustrated in

Table 31 was evaluated as giving only a fair fit. This

is because the individual data points were not predicted
well, though the general trend of the data for this vector
is followed. Thus, those solvents with large values on
this vector are generally predicted to be large values.

Other vectors which transformed only fairly included
hydroxyl number (NOH), oxygen number (NO), carbonyl unique-
ness (UC), ether uniqueness (UE), hydroxyl uniqueness (UOH),
sucrose uniqueness (US) and maximum operating temperatures
(oT). The maximum operating temperature is our nearest
estimation of the boiling point for the solvents., Since
sucrose uniqueness (US) tested only fair, we conclude
that the sucrose functionality is not a true factor. This
was consistent with results from the uniquenss test corre-
lations,

Vectors which tested poorly included side chain number
(NS) which is also illustrated in Table 31, It is quite
apparent that it gives a very poor fitin the transformation.

Summarized in Table 34 are the vectors which tatget
transformed with best agreement for each of the problem
sets, Some vectors target transformed well on all the
problem sets. These include the McReynolds' constants
vectors (MI-MIO, Mr, Mb, Mf, MT). All the McReynolds'
constants represent &£ least one of the cofactors,.

Whether all the cofactors of a problem are represented

solely by the McReynolds' constants will be determined



Table34.Summary of physical and structural vectors target transforming

Problem

All 6

ALDE

KET1

KET2

CARB

MC33

MC53

‘with best agreement for each problem =—solvents

Test vectorsa

- M1-M10; MF; MT; Mf; Mb; MR; UT% UG; UOH; UNI;US; UZ;

logs, reciprocals and squares of M1-M10, MF and MT.

NC;
NC;
MW;
MW;
MW;

NA;

NOH; UET; CV2; CV4; CV5; CV8; CV13; CV1l4: CVi5:;CVie.

CvV2; CvV7; CV19.

NA; NU; NH; NOH; CV1l; Cv4; CV5; CV7; CV17.

NA; NH; NO; NOH; UET; CV1; CV3; CV5; CV7; Cvls.

NA; NC; NH; UA; UC; UD;UET; UP;CV1; CV7; CV9; CV10; CV1l.

RMR; UA; UD; UET: UN; UP; UX; CV1; CV5; CV6: CV7;: CV13.

(continued)
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Table 34. (Continued)

2 see Table 30 for designations. Pgints on the correlation vectors (CV)
are, in most cases,. "0"'s or "1"'s. For each correlation vector,
test points having non-zero values are listed below. If the value
for a given solvent is other than "1", the value is given in
parenthesis, Test points not designated are all "0"'s,

cvl: A,B,F(.5),G(.5),M,Q; CV2: A,K,M,Q; CV3: N,0; CV4: K,M;

Cv5: A,B,I,J,Q; CV6: A,K(.5),M,0,Q; CV7: B(-.5),I,J,M,0(-1);

cv8: A,K,M,Q,R(-2); CV9: K,M,N,0; CV10: A(.5),J(.5),K,M, Q(.5);
cvll: A,B,G(.5),0.Q; Ccvi2: G(.5),N,0; CV13: B,K,M; CV14: K,M,O;
Cvli5: E(.5),N,0; CVle: B(4),I(1.8),M(-3.3),N(.8),R(12):

Ccvl7: B(4),I1(.8),M(2.3),N(2.3),R(12): cCv18: B(4).I,N,R(12);

CV19: B(4).I(2),N(2),R(12).

€PT
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in the combination step. However, every one of the constants

[MI through MIO) as well as their sums (MF, MT) and slopes
(Mr) and intercept (Mb) target transform extremely well
on every problem set,

Other vectors which target transform in every problem
set include molar refraction (MR), unigueness vectors
for diglycerol (UG), Zonyl E7 (UZ), hydroxyl functionality
(UOH) and suarose functionality (UZ)and a vector involving
the recommended maximum operating temperature (0OT) for
each of the solvents.

Other vectors which tested well in most problems
included number of carbons (NC), number of atoms (NA) and
correlation vectors CVI, CV5, and CV7,., The correlation
vectors were constructed originally from the correlations
obtained in the uniqueness step. However, they were
"optimized", i.e., modified, to provide the best target
transformation. The chemical meaning of these correla-
tion vectors is harder to ascertain, For example, vector
CVI correlates pthalates (solvents 3, Bf F, and G) with
quadrol (M) and tricresol phosphate (Q).

The molecular weight of the solvents which according
to Martire8® should be a factor was a good test vector (MW)

only for problem sets KET2, CARB, and MC33.
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E. Combination of Basic Vectors 145

What is the physical nature of the separation process?
Of the interactions involved can any of them be related
with a specific solvent? How exclusive are the McReynolds'
constants? Are there better solvent probes? Do the
constants adequately represent all the interactions that
contribute to a chemical separation? Are any redundant?

Combination of the best physical and structural vectors
obtained in the target transformation step (listed in
Table 34) may provide answers to these questions. Listed
in Table 35 are the results of this combination step for
all the problems for each factor space.

Not all of the vectors were included in the final
combination, Combinations using six factors, for example,
of enly 25 vectors would involve 177,100 combinations;
combinations using six factors on the 37 vectors listed
for MC33 (ignoring the functional forms for the McReynolds'
constant) would involve 2,324,784 combinations! The'
computer time involved precluded attempting all the vector
combinations, Thus, the following procedure was used:

The McReynolds' constant vectors which target transformed
best for each problem were included in the combinations.

At least six of these vectors were kept in the combinations
for each problem, including two or three functional forms
of the vectors (e.g., log, reciprocal or sguare).

A first run was obtained using the above McReynold's

vectors and solvent vectors selected from the remaining



Table 3%ummagyy, of best combinations utilizing best physically significant solvent

Problenf

ALDE
(21)

KET1
(20)

KET2
(23)

CARB
(21)

lower line - real vectors occurrring in best combination. See Table 30 for vectors.

o]

cofactors for each problem, 1-7 factors.

Number of real vector cofactors used in .the reproductinnb.

1 2 3

83.5 28.4 13.5

LMF LMF, M3 LMF, UG, M3

47.6 21.6 17.3

LM5 SM3, LM5 LM5, NX, SM3
82.1 22,1 21.5

LMF M9, LMF LMF, M9,CV4
82.3 24.5 14.5

LMF LMF, M5 LMF, M3, UG

67.4 27.8 19.4

LMF MF,UNI M2,M3, UNI

123.0 30.9 19.9

UNI MF, UNI M2,M3,UNI

4 3 6 Vectors in ten best combinations

9.3 8.4 5.9(31.2) LMF, M1, M3, M7, M8, M9, Mb, NO, UG, US,
UNI, NX, UG, LMF,UG,M3, LMF,Mb, NO, uz,Cv5,Cve, CV14,CV16
M3 CcVv5,CV14 UG, UZ, CV5
10.2(44.8) M1, M3, M5, M7, M10, MF, MT', LM5, LMF,
LMS5, M7, SM3, SM3,UG
UG

1.1 9.1 6.0(34.3)° M1, M4, M10, MF, Mb, M, MR, NUH, UOLI,
LMF, M1, M9, M1,M5,NOH, M4,Mb,uUoH, UNI, UG, UZ,CV4,CV5,CV17
M10 UNI, UG Cv4,CVs,CcV17

14,0 9.1 6:5132.3) M1, M3, M4, M5, M7, M8, M10, Mr, LMF,
LMF, UG,UOH, M1,M5,NOH, LMF,hd4, UG, UG, UoH, UZ,CV3,CV5
M3 UG, UNI UOH, UZ, CV5

10,5 8.6 6.4(37,) M1, M2,M7,M8,M9, Mr, Mb, UNI, UG,CV1
M2, M3, UG, M1, M2,MF,  M2,M7,Mb,
UNI UG, UNI UG, UNI, CV1

12,1 10,1 . 8.8 6.3(30.2) M2, M3, M6, M7, Mr, Mb, MF, SMF, UNI, UG,
M2, M3,UG, M2,M3,MF,  MZ,M6,M7, M2, M6, M7, MF, Uz,cvl,cvs
UNI UG, UNI UG, UNI,CVl UNI,UZ,CV1

Upper line - rms error (largest_error in pasenthesis'for true_factor space);

Lower line - number of real vectors used in final combination step.

For KET2 problem: Vector sets: M4,Mb,CV5,CV17,UOQH,UG and M4, Mb, CV5,CV17, UG, CV4
gave the same results,

o9%T



147

target vectors to make a total of 18-20 vectors. Solvent
physical vectors were deleted after this first run if they
were found to be unimportant and new vectors were added

to the modified vector set for a second combination run.
This was repeated until all the vectors had been tested

in the combination step. Column one of Table 35 lists

the number of vectors that remained for the final run of
combinations for each problem (in parenthesis).

In general, the best combination set for each problem
contains two to four of the McReynold's constants, a
correlation vector, and at least one uniqueness vector.

For example, for problem MC33, the best combination set
using six factors, includes three McReynolds' vectors
(M2, M7, M6), unity (UNI), diglycerol uniqueness (UG) ard
correlation vector CV1 and reproduces the original data
with an rms error of 6.4 with the largest error 37.0 RI
units.

The dominance of the unique interactions associated
with solvents E and R is apparent since the uniqueness
vectors testing for their interactions, UG and UZ, are major
constitents of the best combinations sets for each problem,

Some correlations obtained in the uniqueness test
step are anmparently associated with at least one of the
abstract factors, Also, they are apparently not associ-
ated with any of the physical or structural vectors tested.
Thus, the correlation vectors are necessary to account for

at least one of the cofactors in most of the problems,
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Unity is an important vector cofactor for problems

MC33 and MC53, This indicates that one of the interactions
in these problems is constant and probably depends solely
on solute structure, as opposed to solvent structures,
This may be the cofactor associated with solute carbon
number. Because of the definition of the retention index,
we expect the corresponding solvent cofactor to be unity.

We also obtained combinations using only the McReynold's
constants (M1-M10) in order to ascertain whether the
constants represent all the key cofactors as has been pro-
posed (see Chapter IV). However, the McReynolds' constants
by themselves do not provide a satisfactory combination.
For example, the best combination of the constants (M1-M10)
yielded an rms error of 79.4 on the 2ALDE problem set,
Addition of constants Mr and MB does enhance the reproduction
(rtms = 9.9 for problem 2ALDE). Thus as a measure of all
the interactions within the separation system the ten
functional probes proposed by McReynolds' are inadequate.
In fact, many of them are redundant as described below,
However, the dominance of the McReynolds' constants in the
best combination sets for each problem does indicate
that they do represent some of the cofactors. However,
any unique interactions inherent in a particular data
set must be represented by one of the other vectors (for
example, hydrogen bonding by vector UZ).

Those vectors which were represented in the ten best

combinations are listed in the last column of Table 35 for
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each problem. For example, ten vectors including. seven

McReynolds' type vectors, unity (UXI), diglycerol unique-
ness (UG) and CV1l were the only vectors present in the
ten best combinations for problem MC33, These ten, then,
are the most significant vectors in MC33.

Column two of Table 36 lists the equivalences of the
real vectors obtained by comparing the best thirty combi-
nations for each problem, It is apparent that most of
the McReynolds' constants are redundant in most of the
problems. Thus it was found that in problem MC33, for
example, M1 and M8 were equivalent vectors; either Ml or
M8 represented the same cofactor. The aromatic ring in
M1 may be slightly equivalent to M8's alkyne bond.
Similarly, in MCS53, M2 and M6, both alcohols, are found
equivalent., 1In fact, M2 is equivalent to UG, the digly-
cerol uniqueness, probably due to the -OH functionality.

It must be pointed out that since the best repro-
ductions we have obtained using the solvent physical and
structural vectors, though excellent, are not exact re-
productions, these correlations among the vectors we
observe upon comparison of the best ten combinations
may not be exact. We are probably missing a key vector
which would best represent one of the solvent cofactors.

Table 37 is a pattern table for some of the vectors
used in the best combination for problem MC33. The
equivalence of vectors Mb and Mr is apparent from their

patterns im going from a factor space of one to a space



Table 36.5ummary of correlations for physically significant solvent

cofactors in each problem

Correlations based on_percentage tables

Correlations based on

Problem best combinations® Redundant_vectors? Cofactor equivalencies?®
ALDE M1l = M3 = UNI, Ml = M8, Mb = Mr ~UNI M3 =3 &5, UG = 4,
M7= UZ = .CV8 = CV14 = CVio, CVS & CVle = ©
Ml = M9 = NO = US,
CVvs = CV14.
KET1 Ml = M5 = M7 = MI0 = MF = LMF = LMS M3 & UZ & CVI18 = 3,
MT, M3 = MF = SM3, UG = 4
M7 = CV19,
KET?2 UG = M4 -.MIO = CV4, M8 = M]10, NOH = UOH UNI & LMF = 3, CV17 = 5,
My = UZ = CV4, Mb = Mr, M & CV4 = b6
UG & UOH = CV4 & UQH =
UG & Cv4,
CARB Ml = M5 = M7 = Mg = U7, M4 = M5, M1 = M8, M3 & UZ = 3, LMF & CV5 = 6
IMF = Mr = Mb, Ml = UG, Mb = Mr
CV3 & UOH = CVS5 & LMF,
MC33 M7 = MB = M3 = MF = UG = Ml = M8, Mb = Mr, M2 & M7 = 4, Ml = &5,
CVll, Ml = M7 = M8, UNT A~ M2 UNI = 6

Mr = Mh, NA = MH = CV1,
Mr & CV]1 = LMF & any MC,.
Mr = Mb = UNI,

MCA3 M3 = M7 = MF, MF = CV6, Mr = Mb, M2 = M6, M7 & CV7 = 5, CV]l = ¢,
M2 = M3 = M6 = CV7, M2 = UG SMF = 7
Mr = Mb = M6 = (CV},
= M2,

UG

See Tables 30 & 34 for desigmations; MC = general designation for all ten McReynold's
constants. Symbol "&" shows vector pairs.

0ST



Table37.Percentage of better reproductions containing specific real

solvent cofactors for MC33 problem

Number of real vectors (cofactors) used in reproduction

Physicaly

vector 1 2 3 4 5 6
UNI 25 28 40 45 49 89
UG 0 3 21 29 41 40
M1 0] 11 15 9 28 34
M2 0 11 24 51 60 81
M3 0 11 22 30 39 46
M7 0 11 2 26 33 23
M8 0 11 8 14 29 28
M9 0 11 22 29 27 32
LM5 25 33 44 39 25 13
Mb 25 28 27 30 39 36
Mr 25 28 29 33 39 41
cvl 0 0 0 0 1 18
Ccv7 0 0 8 7 18 16

(continued)

Ts1



Table 37, (continued)

Total number
of combinations 19

Cutoff for

better repro-
ductions (rms
error) 300.

Number of
reproductions

less than

cutoff 4

. rms error,
abstract

reproduction 65.6

Best combination @
rms error 67.4

vectors LMS

8 Vector designations taken from Table 30.

171 969 3876 11628 27132
100. 51.8 33.2 17.4 10.0
- 36 100 200 500 el1]
24 .4 15.8 5.2 2.8 1.9
27.8 19.4 16.5 8.6 6.4
UNI, MF UNI, M2, UG, uMNI, UG,UNI, UG, UNI, M2
M3 M2, M3 M1, M2, MF M7, Mb, CV1

ST
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of six. There is some correlation in the patterns of
vectors UNI and M2, Vector UNI jumps in percentage almost
40% from factor five to six. We conclude that UNI most
probably represents cofactor six. Similarly, vector M2
probably represents cofactor four,.

These results as well as the results for pattern tables
for all the problems are summarized in the last two columns
of Table 36. 2s observed in comparison of the best ten
combinations for each problem, many of the McReynolds'
constants are indeed redundant,

Summarizing the results of combinations of solvent
physical and structural vectors, we find most significantly
that the McReynolds' constants do not account for all the
interactions in the six problems we have studied. Many
of the solute probes used in the derivation of these
constants are probably not sufficiently unique to be
representative of one cofactor or interaction. However,
some of these constants can be associated with specific

interaction cofactors,
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F. Prediction of new data

The absolute test to determine how well we have
succeeded in determining the best combination set that
represents the real cofactors for our problems is to use
them in predicting retention indices on new solute-solvent
pairs. As described in Chapter II, each combination set
has a column matrix [C], each column of which is associ-
ated with each of the solutes for the problem. The m
elements of each column are assocliated with the m co-

factors for the combination, Using Equation 30:
!

dxk =ZZ:ercmk (60)

where dxk is the predicted retention index for new solvent x
on solute Kk, rm is the value for cofactor m for the
solvent, and c_, is the element of the [€] matrix for
cofactor m on solute k, we may predict retention indices
for solvents other than those used in the data matrices

of each problem if key data r are available,

xm
For example, tabulated in Table 38 is the column matrix

[cT for the best combination of real solvent cofactors on

problem MC33: CV1l, UG, UNI, M2, M7 and Mb., The retention

index of solute OLl (ethanol) on a new solvent k would

then be:

dor1,x = (CV1l)yx 9.44 + (UG) 124.8 + (UNI)y367.4 + (M2)yl.16 +

(M7) (=.36) + (Mb)jy (.93) (61)



Solutes

!

Table 38.€olumn matrix [Cl for best combination set, MC33 problem

Key i
Bolvents T -
Cofactor OLl or2 . oLy OL4 .. OLS e e A3 4 Ab . $11 R
=TT CVTT O0.94356 01 0.5499€ 01} 0.1322¢ 02 0.1767E 02 0.2393€ 02 0.4326E 02 0.424642E 02 0.4294E 02 D.5101E 02
uaG 0.1248C 02 0.6211€E 02 =0.1051E 03 <~041685E 03 <«0.3105E 03 0.3706E 03 0.3183E 03 0.2473C 03 0.1371E 03
__ UNY __0.3674E 03  0.4LT6E 03  0.6567TE 03  0.7775E 03__ 0.9678E 03___ 0.,1430F Q% __ 0.1593E 04 0.1714E 04 _0.1969C 04 __ _ _
My 0.1164Z 01 O.1148E 0O} 0.1214E 01} 0. 1226E 01 0.1302E 01 0.2261E 00 0.1839E 00 0.2154¢E 00 0.2380C 00
M7 -0.3563E 00 ~0.2691E 00 =-0.)864E 00 =0.4103E 00 =~0.511LE 0D ~041793E 00 ~=0.1724F 00 =0Q.2179F Q0 =0,3173E QO
. Mb. 0.9322€ 00 0.2039€ 03 0.1035E 03 063726E 02 0.6582E 02  -0.3204E :04 _=0,3409E 04 =0.3473E.04 =0.3649F 04 _ _.
’
- - ne K6 Klé " ES1 - ES2 T ES3TTT ~ES6 557 T E?l T/
cul 0.4917€ 02 0.57T12E 02 0.6782E 02 0.3018E 02 0.3964E 02 0.4176E 02 0.2783E 02 0.4149E 02 D.2688E G2
UG | 0.3455F 03 0.228%E 03 0.1202€ 03 0.3360F 03 0.1551F 03 O.1144E 03 _ 0.2379E 03 0.108BE 03 0.266)C 03
UNI 0.1323€ 04 Q.2088E 04 0.2349E 04 0.1804E 04 0.2161E 04 0.,2291E 04 0.1770€ 04 0.,2197E 04 0.1062E 04
M2 0.2233€ 00 0.2290F 00 0.2554E 00 0.3993€E-01 0.891/E-01 0,948lE-01 0.9170E~01 0.7632E-01 0.1827E~-01
- M7 ~0.3504E Q0 =0.4691E 00 ~0.5655E 00 =0.734YE-01 -O.?l73E 00 -0.2402FE 00 _~-0.101%E 00 -0.2046E 00 _-0.7609L-01_____ .
Mb  =0.4185E 04 =-0.4415E 04 ~0,4620E 04 =0.4115C 04 =0.4308E 04 =0.4411E 04 <=0.3705E 04 ~-0.4127E 04 =-0.1926E 04
BT2 ET3 ET5 oxl ox2 0x3 ARL AR2 _AR3
: CVl 0.1691E 02 0.1251E Q2 0.3174E 02 0,3231E 02_ 0.3067E 02 0.2942E 02  0.6184E 01 0.1338E 02 _0.2374E 02 _
UG 0.8916c 02 0.3607C 02 =0.3296E 02 0.4147E 0% 0.3679E 03 0.28%2E 03 ND.1477€ 03 0.1184E 03 0.9454L 02
UNI 0.1065Z% 04 (0., 93L6F 03 041439 04 0.1224E 04 0.1449E 04 0.1457€ 04 0.9946E 03 0,11532 04 0.1419E 04
M2 0.899¢6C-01 Q.7593€~-01 0.1430€E 00 0.1587E 00 0.1194E QO 0.1535E 00 _ 0.,1837€-01 0-22175'01' 0.12406-02
M7 =0.2289E~01 0.2950E=01 ~0.1563E 00 0.7941(=Q] =0.48l1E~01 =0.1889E~01 0.7286C 00 0.6570€ 00 0.4863F 00
Mb  -0.1331E 04 -0.1078E 04 =D0.1305E 04 <=0.25::F 04 <=0.3309E 04 =~0.3006E 04 ~Del143E D4 =D.1322E 0% <=D.1B45F 04
e e e mme e 4 e 4 g am e m———— n mtrerr e mm e = e m et mp e s w wee - —_ '/.’ - . -
AR4 ALl AL2 AL3 L4 _BLS
CVvl 0.1291F 92 0. 1186L=01 0.9539E=01 0.1732¢ 00 0.9664E~-01 C.4740E 0O
uG 059447 0z =0.11275-01 -0.1620C~01 <-0.1475E-01 -0.1072E 00 -0.4135E-01
UNI 0.12487 04 0.,2301C 03 0.4G03C 03 0.000%C 03 0.140LlE 04 0.1601FE 04
M2 0.3139C-01 O.4Y839C-04 0.3352E-03 0.4815£-03 0.6883E~03 0.1303E-02
M7 0.£398E 00 =~0.4509E-03 ~0.1263€-02 -0.1846F-02 =0.2290F-02 =-0.4997E~-02
Mb  =0.1341C 04 <-0.3098F 00 =-0.1175E Ol -0.1825E Ol -0.1989E 0L _=0.4949€ OL_

GST
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Thus, for a new solvent, Carbowax 20M, this equation reduces

to:

dorl, carb, = (0)(9.44) + (0)+(124.8) + (1):(367.4) + (5.36)

(L.16) + (282).(-.36) + (.2255)+(.93) = 887.8

since from Reference 80, M2 =536, M7=282 and Mb=,2255 for
Carbowax 20 M. The reported value for the retention index
of ethanol on Carbowax 20M is 893.

Listed in Table 39 are the predicted retention index
values for nine representative solutes on four new stationary
phases for problem MC33 with the reported values, These
phases were chosen because they span the gamut of polarities
for SE 30 (highly non-polar) to Igepal C0880 (very polar).
The results are quite good for most of the solutes consi-
dering that we are probably lacking at least one major
cofactor in the best combination set. Surprisingly,
predictions for the polar solvents, Carbowax 20M and Igepal
C0880, are very good for most points, whereas, predictions
on the relatively less-polar solvents Apiezon M and SE30
are generally poorer. We can conclude from this that
the best combination set adequately spans the dominant
interactions involved in the more polar solvents. The
non-polar solvents, where we expect the weaker non-polar
interactions to be the most dominant, are probably not
adequately represented in the best combinations set. The
missing cofactor(s) is (are) thus probably associated with

the non-polar interactions,



Table 39. Prediction of retention data for nine solutes on four stationary

phases for problem MC33

Solute

Calculated and literature retention indices for solvent a

SE 30 Carbowax 20M Apiezon M Tgepal C®880

Calc, Lit, Colec, Lit, Calc, Lit, Calc, Lit,

ethanol (OL1)
pentanal (26)

2-hexanone (K6)

428 460 888 893 382 412 820 831

858 696 992 984 936 670 838 937

[

997 791 1092 1087 1091 756 1021 1032

pentylacetate (ES2)1090 842 - 1184 1177 936 790 1113 1120

pentylpoppionate
(ES7)

propyl ether (ET3)

propylene oxide
(0x2)

benzene (AR1l)

hexane (AL3)
average error

a

1189 998 1258 1248 1181 954 1189 1191

7165 | 687 758 773 679 660 761 761

630 488 760 763 513 461 694 704

720 678 1041 961 698 685 967 906

600 600 600 600 600 600 600 600
115 15 98 22

Literature values taken from reference 80 . Calculated values obtained

using equation 60 and [C] matrix from Table 38.

LST
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The coefficients of the [CJ] matrix for the alkane
solute ALl through AL5 are all near zero except for
cofactor UNI, which upon observation are equivalent to
the carbon number for the solute. Thus, predictions
for the alkane solutes are perfect (illustrated in
Table 40 for solute hexane). 2ll other solutes, however,
have at least four significant coefficients in the [CcJ}

matrix thus requiring at least four cofactors,
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CHAPTER VIII

TARGET FACTOR ANALYSIS OF GAS-~LIQUID CHROMATOGRAPHIC
RETENTION INDICES OF MONOMERIC SOLVENTS
AND SIX SOLUTE SETS--

IIX. CHARACTERIZATION OF SOLUTES

As described in Chapter VI, six solvent#<solute sets
were derived from McReynolds'BOcompilation and their
respective factor spaces determined. In Chapter VII,

TFA was used to characterize the solvents with very

good results as evidenced in the satisfactory prediction
of new solvent-solute retention indices. In this chapter,
we will describe the characterization of the solute

cofactors,

2, Uniqueness Test~-Solutes:

Tables 40 and 41 summarize the results of the .
unigqueness test for the solutes for the six problems,
For the ALDE problem, the most unique solutes were acetal-
dehyde (designated 22, uniqueness value=,913), 2,2-dimethyl-
propanol (A9, .705) and 2,4=hexadienal (Al8, .727).
These results are not surprising: A2 is the smallest
solute with the aldehyde functionality, A9 probably shows
the most steric hindranee and Al8 is the only diene, Com-

paring the most correlated solutes, we notice correlations



b

Table 40. Uniqueness tests for solutes in MC33 and MC53 problems.
Solute? MC33 problem, 6 factor __ MC53 problem, 7 factor
Uniqueness Correlates,With Uniqueness Correlates

Symbol Name test value solutes test value with solutes
OLl ethanol .29 oL2 (.26),0L3 .17

OL2 propanol .24 OoLl(.26),0L3,0L4 .13

oL3 pentanol .20 OLl,0L2,01L4,0L5 .12

014 hexanol .22 OL2,0L3,)L5(.26) .15 oL5
oL5 octanol .36 OL3,014 (.26) .28 ; OL4
OL6 isopropanol¥®* .13

OL7 2-butanol¥* .12

OoL8 2-methyl-l-butanol* .11

OL9 2-methyl-l-pentanol* .11

OLl0 2,2-dimethyl-l1-propanol¥* .16

A3 propanol .17 0X1 .18

A4 butanal .10 .11

A5 isobutanal#®* .07

Ab pentanal .06 .07

A7 isopentanal#® .04

A9 2,2~dimethylpropanal¥* .05

All heptanal 11 K16 .10

K2 2-butanone 12 .08

K6 2-hexanone .14 Kle .09

K8 3-methyl-2-pentanone¥* .12

K10 3,3~dimethyl-2-butanone¥* .13

K16 2-octanone .30 All,K6,ET5 .23

K28 3-methyl-2-butanone¥* .09

ACl ethyl acetate .22 AC2,PR1 .14

AC2 pentyl acetate .19 AC1l,AC3,PR1,PR2 .10

AC3 hexyl acetate .23 AC2,PR1,PR2 .12

AC4 isobytyl acetate¥* .16

ACS 2~methyl=-2-butyl acetate¥* .10

PR1 ethyl propionate .19 ACl, AC2,AC3 .12 (continued)

09T



Table 40. (continued)

PR2 pentyl propionate .17 AC2,AC3 .12

PR3 isobutyl propionate®* .08

PR4 isopentyl propionate* .09

ET1 ethyl ether .12 .08

ET2 butyl ethyl ether .03 .03

ET3 propyl ether .03 .04

ET5 pentyl ether .22 K16 .20

ET6 isopropyl propyl ether¥* .12

ET7 isopropyl ether¥ .06

0oX1 ethylene oxide .19 A3 .15

0Xx2 propylene oxide .12 .09

0X3 1,2-butylene oxide .07 .05

ARl benzene .28 AR2(.25),AR3,AR4(.25) .17 AR2

AR2 toluene .26 AR1(.25),AR3,AR4(.25) .17 AR1,AR3,AR5
AR3 p—xylene .22 AR1,AR2,AR4 _ .27 AR2,AR5(.28)
AR4 ethylbenzene .24 AR1(.25),AR2(.25),AR3.14

AR5 o-xylene* .29 AR2,AR3(.28)
ARG o-diethylbenzene* .22 AR7

AR7 p-diethylbenzene¥* .24 ARG

ALl ethane .01 .01

AL2 butane .03 .03

AL3 hexane .06 ALS .06 AL5

AL4 tetradecane .35 AL5(.40) .33 AL5(.38)

ALS hexadecane .45 AL3,AL4 (140) .43 AL3,AL5(.38)

@ Solutes with superscript,*, in MC53 problem only.

b other solutes with predicted values greater than 0.15 are listed. Predicted values
greater than 0.25 are given in parenthesis.

191



Table 41, Uniqueness tests for solutes in ALDE, KET2 and CARB problems

Uniqueness

Correlates

Uniqueness

Correlates

Solute® test value with solutes test value with solutesb
Symbol Name CARB problem, 6 factor ALDE problem, 6 factor
A2 acetaldehyde .51 Al3,K1 .91 A3
A3 propanal .24 Ad ' .39 A2,A6,A7,A11
A4 butanal .11 A3 .15 Al3
A5 isobutanal .08 .20 29 (.25)
A6 pentanal .12 .16 A3,Al1l
A7 isopentanal .09 .27 A3,A9
A9 2,2~dimethyl propanal .13 .71 A5, (.25),A7,A15
AlO hexanal .10 .14 All
all heptanal .16 .31 A3,26,A10,A12,A17
Al2 2-ethyl hexanal .17 K18 .49 All,Al16,317(.27)
Al3 acrolein .17 A2 .45 A4,A14(.26)A15
Al4 methacrolein .08 .19 Al3(.26)
Al5 crotonaldehyde .12 AlS8 .38 A9,A13,A18(.28)
Alé6 2-ethyl-2-butenal .08 .18 Al2,Al8 )
Al7 2-ethyl-2-hexenal 11 .33 All,al12 (.27),Al8
Al8 2,4-hexadional .39 Al4,K20 .73 Al5,Al6,A17
KET2 problem, 6 factoxr
K1l acetone¥* .20 A2 .44 K2,K27(.28)
K2 2-butanone¥* .09 .14 Kl
K3 2-pentanone¥* .08 .10
K4 3-pentanone* .05 .18 K12
K5 3-methyl-2-butanone* .10 .12 K10
K6 2-hexanone* .05 .07
K7 3-hexanone¥ .04 .10 K18
K8 3-methyl-2-pentanone¥* .09 .11 K10
K9 2-methyl-2-pentanone®* .10 .12 K10
K10 3,3-dimethyl-2~butanone* .20 .34 K5,K8,K9
(continued)
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Table 41. (Continued)

K11l 2-heptanone .06 .15 K16,K17

K12 3-heptanone .07 .24 K4,K17(.26)
K15 2,4-dimethyl-3-pentanone* _10 .13

Klé6 2-octanone®* 11 .32 K1l1,K1l7

X1l7 2-nonanone* .17 .25 K11,K16,K19
K18 5-nonanone¥ .18 Al2 .40 K7,K12(.26)K17
K19 cyclopentanone .25 K20 (.25) .34 K20(.36),K24
K20 cyclohexanone .29 A218,K19(.25) .45 K19(.36),K24
K22 5-~-hexen-2-one .09 .15 K27

K24 4-methyl-3-penten-2-one .09 .32 K19,K20

K25 2,3-butadione .47 K26(.41) .50 K26 (.45)

K26 2,9pentadione .39 K25(.41) .46 K25(.45)

K27 2,4-pentadione .11 .58 K1(.28),K22

®Solutes with superscript, ¥, also in KET1l problem.

Pother solutes with predicted values greater than 0.15 are listed. Predicted
values greater than 0.25 are given in parenthesis.

€91
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based on branching {(for example, solutes 25, 27 and 29)

and general molecule similarity (Al13 and Al4). Unsatura-
tion does not seem to be important: 2-ethyl-hexanal (A12)
and 2 ethyl=~2-hexenal (A17) correlate very well,

For problem KET2, the unique solutes include acetone
(K1), cyclohexanone (K20), and the diones (K25, K26, K27).
Correlations seem to be based on branching (for example
K5, K8, K9 and K1l0), cyclo uniqueness (K19 and K20),
and adjacent dione functionality (K25 and K26), 2,4-pen-
tadione (K2) does not correlate with the other diones,
probably because the two carboxy groups are not on adja-
cent carbons. Rather, acetone (Kl) correlates
well with 2,4-pentadione (K27); Dboth Kl and K27

have no keto—-groups.

Problem KET1 showed similar uniqueness values (results
not shown).

Problem CARB contains two unique solutes, acetaldehyde
(21, .50) and 2,3-butadione (K25, .422). 2s with KET2
problem, major correlations involve the two cyclo solutes
(K19 and K20) and the adjacent diones K25, K26.

Fér the MC33 and MC53 problems, the only unigque
solutes are the alkanes AL4 and AL5 (.430), probably
because they serve as the upper anchors in having the
greatest retention index for the data.

The larger MC53 solute set hides some of the minor

correlations apparent in the smaller MC33 problem set.
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The alcohols OLl through OL5 correlate well on MC53, though

on MC33 only the higher molecular weight alcohols OL4 ard
OL5 correlate. Thus only the major correlations among the
alcohols (OL4 and OLS) is apparent. The esters correlate
well only on MC33 whereas the aromatics correlate on both
MC33 and MC53.

In summary, the uniqueness test on the solutes has
revealed those unique solutes for each of the problems and
those solutes which correlate well., Some of these correla-
tions can be used in the target transformation step as
vectors to test whether the correlated solutes represent
one of the interactions or cofactors in the problem,

Thus, a vector testing for adjacent diones on KET2 may
test well, The identity of the cofactors may be deduced
from these correlations. For example, one of the cofactors

in the MC33 problem may be associated with aromatic char-

acter.
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B. Solutes: Effest of Functionality

on Reproduction

One of the reasons for selecting the MC33 and MC53
problem sets was to study the effect of each of the solute
classes on the factor space. Table 42 summarizes the
results of these analysis. Each of the individual solute
functional groups in sets MC33 and 53 were factor analyzed
separately on the enfire 18 solvent group set. In all
cases, the MC53 factor space is always larger for a solute
class than the space for MC33 by one factor, This is
probably due to a "branching" factor,.

The individual solute classes are simpler systems
as compared to the original problem sets, Each solute class
alone required either a 2 (on MC33) or 3 (on MC53) factor
space with the 18 solvents to adequately reproduce the
data matrix. BAs expected, the straight chain alkane solutes
require only one factor., 2ddition of the five straight
chain alkanes to each of the individual solute classes pro-
vides a 3 (on MC33) or 4A(on MC53) factor space.

Summarized in Table 43 are the results when only one
solute class is removed from the MC33 problem set., Re-
moval of any single solute class does not have a signifi-
cant effect on the factor space. Thus it is not readily
apparent that there are any unique interactions or cofactors
associated with any single solute class, However, as we

shall see in the target transformation step, there are



Table 42.

Summary of reproductions for subsets of solutes for MC33 and MC53 problems

Number of Number of

Percentage
EXYors &S

solutes factorsb Largest errors€
Solute gqroup Designations@ MC33 MC53 MC33 MCS53 MC33 MC53
alcohol OLl-0L1l0O 5 10 2 3(4) 6.1 8.9(6.4) 1.1
aldehyde A3-A11 4 7 2 3 4.5 8.0
ketone K2-K28 3 6 d 3 d 4.1 d
branched all-MC33 - 20 - 6 - 11.3 -
ester ES1-ES9 5 9 2,3 3,4 9.,3.3.7 13.1,4.6 7.8,0
ether ET1-~ET7 4 6 c 3 c 9.5 c
oxide 0X1-0X3 3 3 c c c c c
aromatic AR1-AR7 4 7 c 3 c 4.7 c
alkane AL1-ALS 5 5 1 Tl 0.0 0.0 0.0
alkanes and alcohols 10 15 3 .4 5.6 9.0 0.6
" " aldehydes 9 12 3 4 4.2 5.0 0.0
" * ketones 8 11 3 4 2.5 4.1 0.0
" " esters 10 14 3 3(4) 6.3 10.6(5.8) 1.1
" " ether 9 11 3 4 8.6 1.5 3.1
" * oxide 8 8 3(4) 4 1.1¢ 0.4 3.5(.0
" " aromatics 9 12 3(4) 4 0.9¢( 4.4 3.1(.0

a
b

See Table 21 for solute designations.
Two values given where factor space not clear.

€ Second values for the larger factor space.
d Number of solutes insufficient for factor space.
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Tabled43 Effect of removal of each solute group from MC33

problem, 6 factors
Solute group Number of rms Percentage Largest
removed Dasignations solutes left error errorsd£ 5 error
alcohol OL1~-0L5 28 1.72 2.2 9.0
aldehyde A3-2A6 25 1.75 2.9 8.2
ketone K2-K16 30 1.77 2.4 8.6
ester ES1-ES7 28 1.87 2.2 8.6
ether ET1-ETS 29 1.67 2.3 8.7
oxide 0X1-0X3 30 1.79 1.9 8.2
aromatic AR1-AR4 29 1.68 2.5 6.1
alkane ALl1-ALS 28 2.00 3.0 6.8
Complete MC33 problem 33 1.76 2.7 8.5

a See Table2l for solute designations.

891
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unique interactionsassociated with the carbonyls, alcohols,

esters, and aromatics.
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C, Combinadtions of Typical Solute Vectors

Combination of the original solute column vectors
can provide insight into the key interactions and the
most representative solutes for a particular data set,
Solutes which are quite similar (in an interaction
sense) will behave éimilarly and consequently should
be good substitutes for each other.

Not all of the solutes were used in combination for
the CARB, MC33 and MC53 problems, The number of
calculations were much too large, using the computer
facilities available. For example, combination, using
six factors, of the 33 solutes in MC33 would involve
1,107,568 combinations; using seven factors on the
53 solutes of MC53: 154,143,080; and six factors on the
37 solutes of CARB: 2,324,784. Therefore, combinations
of solute vector cofactors for CARB, MC33 and MC53 were
calculated only for 20, 18 and 18 solute vectors respec-
tively, as explained in footnote of Table 44,

Tabulated in Table 44 are the best combinations
of the solute vector cofactors for each of the problem
sets per factor space, Thus, for example, the best
combination for problems KET1l, KET2, and CARB, using
only one factor, is provided by solute K6 with a rms
ercor between the predicted and original data matrices
of 32,3, 32.3, and 34.6, respectively. For MC33 in

6 factors, two alcohols (OLl, OL5), an aldehyde (AL1l),



Table44.Summary of combinations utilizing best solute vector cofactors for

each problem,

2

factors 1-~7

3

Number of solute vector cofactors used in the reproductionb"c
4 5 6

Problem® 3
ALDE 38.5
(16) A6
KET1 32.2
(14) K6
KET2 32.3
(23) K6
CARR ~ 34.6
(20) K6,
1¢33 65.8

18 all
MC53 60.6
(18) All

7.8
Al3,A17

4.1
K2, K17

7.1
K2,K17

8.7
Al7,K1

26.0

_ ET5,0X3

26.6
K2,ETS

4.3
A4,Al12,A18

2.9
K2, K10, K17

5.4
K2,K17.,K25

6.3
A4,K18,K19

16.4
OLl,ES6., ET5

15.3
OL1.,ES6 ,ETS

3.3

" A4,A9,A1).A18

1.9(11.8)
K2, K10, K16, K18

3.4
K5, K17, K19, K25

4.8
A4, K18,K20, K25

5.5
OL5,ES87 ,0X1,
ALl

6.2
OL1,0L5; ES7,
ALl

2.4
A2,A4,79,
Al7,Al8

3.2

K2,K10, K18,

K20, K25

3.0
A4,A18,K10,
K18, K26

3.2
OLl,0L5,K2,
ARL,ALl

3.6
OLl,AC3,0X1,
AR2,ALl

1.7(8.8 !
A2,A7,M9,
Al2,Al13,Al8

1.8(11.)
K1, K10, K16,
K18, K19, K25

2.3(12.5)
A4,Al3,Kl0,
K18,K20, K26

2.3,(10.3)&'?.“
OLl,0L5,Al1,
ACl,AR2,ALS

2’7
OL1,0L5,Al1l,
ACl,AR],ALl

2.4(15.8) 4 .

OL1,0L5,Al1l1,

Kl16,AC1,AR2,
ALl

(continued)
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Table 44, (continued)

@ lower line - number of solute vectors used in the reproduction. The following
twenty selected solutes were used in combination for the CARB problem: A2,A4,
A7.,A9,a11,A12,213,A17,A18,K1,K10,K11,K12,K16,K18,K19,K20,K25,K26,K27. The
following eighteen selected solutes were used in combination for the MC33 and
MCS53 problems: OLl.OLS,AB,All,K2,Kl6,ESl,E53,ESG,E87,ETl,ETS,OXl,OXB,ARl,ARZ.
ALl,ALS.

Upper line - rms error; lower line - solute vector cofactors occurring in best
combination. Largest error for the best combination in the true factor space

for each problem is given in parenthesis. See Table 21 for solute designations.

A
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and acetate (BCl), an aromatic (AR2), and an alkane (ALS)

provide the best combination with an rms of 2.3. The lar-
gest absolute error is only 10,3, MC53 which has a 7
factor space differs in the best combination using 7 .
factors from the 6 factor MC33 combination by the addi-
tion of a ketone (K16). We expect MC33 and MC53 to be
similar. 1Indeed, using 6 factors, MC53 has the same solute
set as MC33, differing only in the substitution of ARl

for 2R2, solutes which we shall later see are equivalent.

Thus, though no branching sclutes were included in
the MC53 combination step, the results for 7 factors are
quite satisfying. The best combination set is almost
identical to the best set of problem MC33 and reproduces
the original data with an rms error of only 2.4.

If we compare the solutes represented in the best 20
or 30 combinations for the nth factor (as determined in
the reproduction step of a problem) we can determine which
solutes are good substitues for éach other, For example,
Table 45 lists the best twenty combinations for the MC33
problem. Note that solutes ALl and 2L5 are equivalent.
The equivalency of ACl and 2C3 is also apparent,

The second column of Table 46 summarizes these corre-
lations for all the problems. Thus the alkanes, as a group,
are found equivalent in problems MC33 and MC53, as are
the acetates and aromatics, For problem ALDE, aldehydes
with methyl groups as well as the straight chain alde-

hydes correlate well, For KET1l and KET2, ketones with
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Table 45. Best combinations of solute vectors, MC33 problem

rms

Combinations set?® error
oLl oOL5 All ESl AR2 ALS 2.29
oLl OL5 All ES1 AR2 ALl 2.29
oLl OL5 All ES1 ARl  ALS 2.30
oLl OL5 All ES1 AR1 ALl 2.30
oLl OL5 All ES3 AR2 ALl 2.30
oLl o0oL5 &ll ES3 AR2  ALS 2.30
OL5 All ES1 0X1 AR2 ALl 2.30
OL5 All ES1 o0Xxl AR2 ALS 2.30
oLl OL5 All ES3 ARl ALl 2.31
oLl OL5 All ES3 ARl ALS » 2.31
oLl oOL5 All ES7 AR2 ALl 2.31
oLl OL5 All ES7 AR2  ALS 2.31
oLl OL5 All ES7 ARl ALl 2,33
oLl oOL5 All ES7 ARl  ALS 2.33
oLl All ES1 o0oXx1 AR2  ALS 2.33
oLl All EsS1 o0x1 ARZ ALl 2.33
OL1 OL5 Aall ES7 AR2 ALl 2.34
oLl oOL5 All ES7 AR2 ALS 2.34
OL5 All ESl1 ox1 ARl ALl 2.34
OL5 All ES1 oXxl1 ARl  ALS 2.34
oLl OL5 All ES6 ARl  ALS 2.35
oLl oOL5 Aall ESé ARl ALl 2.35
oL5 All ES3 0X1 AR2 ALl 2.35
oL5 all ES3 o0Xx1 AR2 ALS 2.35
oLl All ES1 oXxl1 ARl ALl 2,37
OL1l All Esl1 o0x1 ARl  ALS 2,37
oLl All ES3 oxl AR2 ALl 2.38
oLl All ES3 oxl AR2  ALS , - 2.38
OL5 All ES6 0X1 AR2 ALl 2.39
oL5 All ES6 0X1 AR2  ALS 2.39
OL5 ES3 ET5 O0X1 AR2  ALS 2.41

2 See Table?2l for solute designations,



Table 46.5ummary of correlations

Correlations based on

Problem best combinations@ Redundant solutesa Cofactor equivalenciesa

ALDE A4=A13; A5=A7=A9; A4=A6:; AS5=Al11~Al7 Al5 & Al & Al18=3;
All=Al12=A17; AS=4; A2=5; . '
A3=A4=A6=Al10 A7 & Al3 & Al4d=6

KET1 K2=K3=K4; K6=K16=K1l7; R4=K7; KI5=K17=K18 Kl & K2=2: K10=3:
K5-K9=K10=K15; K5=K18 K4 & K5=3; K15 & Kl1l8=4;

Klo~4

KET2 K1=K27; K5=K10: K8=K1l0; K2=K5=K8: K7=K12; K22 & K25 & K26=3;

K19+K20; K25=K26 K11=K16+vK1l7: K19 & K20=4; K4 & Kl8=5
K25=K26=K27: Kl=6; K27=3 & 5 & 6
K19~K20

CARB Ad4=A7; A2=A13; Al2=K18: A2:.24,: Kl1=K18; K25 & K26=4; Kl & Kl0=5;
K1l:=:K10; K19-K20; K25=K26 Al18=3; A7 & Al3=6
K25=K26

MC33 AL1-AL5; ES1=ES3; OL1~OL5; AR1=AR2: OL3=3; OL=4; ET1~4-
AR1:AR2; ES3=ES6=ES7=0X1:, AL1-ALS ARY & AR2=5
O0X1l-.OL1=0L5

MC53 ALl1-:-AL5;:; AR1=AR2: OL1=0L5; AR]I=AR2;: OL]l & OL5=3 & 4;
ES3=ES7; ES1=ES6; All=Al15: ES1 ES3; ALl & AL2=4; ARl & AR2=5;
K16=ARl: OL1=QL5= 23 ES6~ES?7 ES1=6; A3 & Klé=7
All=A3; -

8 Bolute designations taken from Table 21, Correlated solutes related by an "=" for

good correlations; "A" for weak correlations, See footnotes, Table 44, for solutes

for solutes in each problem

Correlations based on percentaqge tables

used in combinations for CARB, MC33 and MC53.

SLT



Table 46.S5ummary of correlations

Probhlem

Correlations based on

ALDE

KET]1

KET2

CARB

MC53

8 Bolute designations taken from Table 21. Correlated solutes related by an

good correlations; "a" for weak correlations. See footnotes, Table 44,

best combinations®

A4=A13; A5=A7=A9:
All=Al12=Al17;
A3=A4=A6-Al0

K2=K3=K4;
K5zK9=K10=K15;

K6=K16=K17;
K5=K18

K1=K27; K5=K1l0:
K19-=K20; K25=K26

K8=K10:

A4=A7; A2=A13; Al2:-K18;
K1=K10; K19:K20;
K25=K26

AL1-AL5; ES1=ES3;

AR1-AR2; ES3=ES6=ES7=0X1 i

OX1:-.0L1=0L5

ALl:ALS5S:
ES3=ES7;
K16=AR1l:

Al1=A3;

AR1=AR2:
ES1=ESo6;
OL1=0L5= A3

used in combinations for CARB,

for solutes in each problem

Correlations bhased on percentage tables

Redundant solutesa

A%4=A6; A5=A11~Al7

K4=K7; KJ5=K17=Kl18

K2=K5=K8: K7=Kl2:
K11l=Kl6vK1l7:
K25=K26=K27:

K19~K20

A2:-A4; K1l1=K18;
K25=K26

OL1~OL5; ARI=AR2:
AL1-ALS5

OL1=0L5: AR1=AR2;
All=AL5; ES1 ES3;
ES6~ES?

MC33 and MC53.

Cofactor equivalenciesa

Al5 & Al6 & Al8=3;
A9=4; A2=5; . '
A7 & Al3 & Al4=6

Kl & K2=2; K10=3;
K4 & K5=3; K15 & K18=4:
Kl6~4

K22 & K25 & K26-=3;
K19 & K20=4; K4 & K18=5
Kl=6; K27=3 & 5 & 6

K25 & K26=4; Kl & K10=5;
Al18=3; A7 & Al3=6

OL3=3; OL=4; ET1~4:
ARY1'& AR2=5

OLl & OL5=3 & 4;
ALl & AL2=4; ARl & AR2=5;
ES1=6; A3 & Kile=7

=" for

for solutes

SLT



Table 47, Percentage of better reproductions involving selected specific solute
column vectors from data matrix for MC33 problem,

Number of solute vector cofactors used in reproduction

Solute? 1 2 3 4 5 6
oLl 0 11 31 45 59 59
OL5 6 4 15 47 58 59
A3 6 13 18 18 12 18
All 6 11 18 18 19 28
K2 6 10 23 15 25 19
K16 6 11 9 13 17 24
ES1 6 10 23 23 11 30
ES3 6 10 20 15 20 30
ES6 6 14 19 i9 9 24
ES7 6 11 22 18 21 28
ET1 6 5 0 36 20 19
ET5 6 15 24 32 25 32
0oX1l o 13 13 22 26 24
0X3 © 12 15 19 19 14
ARl 6 10 7 0 45 49
AR2 6 11 11 0 46 50
ALl ) 15 18 29 34 46
ALS5 6 14 18 29 34 46
Total number of
combinations: 15 : 153 816 3060 8568 18564
Cutoff for better
reproductions (rms) 120 50.2 29.2 13.2 5.69 3.51
Number reproductions

less than cutoff: 15 100 200 500 500 1000
' (continued)
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Table 47, (Continued)

rms eror, abstract
reproduction:

Best combination:

rms error:
vectorsa=

@ solute designations

63.6 23.7 15.0

65.8 26.0 l6.6

All ET5,0X3 OLl, PR1,
ETS5

taken from Table 21.

5.15

5.50
OL5, PR2,
0X1,ALl

2.77

3.16

OLl,0LS5,

K2,AR1,
ALl

1.90

2,29
OLl,0L5,
All,ES],
AR2,ALS

8LT



are relatively important. Since they have the highest 179

percentage of occurrence in the six factor space of any

of the solutes, we conclude that, of the solute types,

the alcohols are most likely uniquely representative of

one of the interactions or factors in the MC33 problem.

To a lesser extent, the same conclusion may be determined
for the aromatics, ARl and AR2, and for the alkanes, ALl

and 2L2, Comparing with the best combination sets (Table 45)
will show these three functional groups to be well repre-
sented.

We may also speculate on the association of a parti-
cular solute and the abstract eigenvectors, When going
from a factor space to the next larger one, if a particu-
lar solute increases dramatically in percentage, it may
be associated with the abstract eigenvector added to the
space., ARl and AR2 exhibit a marked increase in percen-
tage (45 percentage points) in going from a four factoxr
to a five factor spece, Thus the aromatics may be asso-
ciated with the fifth factor or eigenvalue, Compaging
with the best combination per factor space in Table 47,
we also notice that the aromatics are first represented
in tﬁe fifth factor. For the other solutes we conclude
that OLl associates with the third cofactor and OL5 with
the fourth. Ethyl~ether (ET1l) seems to associate, as
well, with the fourth cofactor. However, in going to

the next higher factor space, it loses its importance,

falling from 36 to 20 percent,
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The numerical pattern for solutes PR1 and AR2 is quite
similar in going from one to six factors., This means tlat
solutes ARl and AR2 are equivalent. Exchanging these
solutes in a combination will give equivalent results,
as found in the correlations we observed when comparing
the best combinations, The alcohols OLl1 and OLS5 also
show similar patterns as do the alkanes ALl and 2LS5,

These results are summarized in columns 2 and 3 of
Table 46 for all the problem sets, Solutes are correlated
with both abstract cofactors and with other near-equivalent
solutes,

The most unique solutes, as found in the uniqueness
step, are those which exhibit the best equivalences with
the abstract cofactors. From Table 46 we can compare
the most unique solutes with the cofactor equivalencies
as found in the pattern tables, Thus, for problem ALDE,
the three most unique solutes 22, 29 and 218 are good
represenfétives of the fifth, fourth and third abstract
cofactors, respectively. For problem KET2, K25, K26,
and K27 are all equivalent to the third cofactor and
from the uniqueness test are also equivalent to each

other. K25 and K26 correlated, as well, in the best 20

combinations.



181

D, Target Transformation of

Solute Vectors

In the target transformation step we attempt to
associate the abstract cofactors with physically meaning-
ful vectors, Comparison of the predicted and test vector
provides the means of determining whether a test vector
is a basic cofactor,

For the solutes, as described in 2ppendix B, we expect
molar volume, enthalpy of vaporization, molar refrackion,
boiling point, dipole moment and polarizability to provide
good test vectors,

Summarized in Table 48 are all the test vectors
which target transformed with good agreement for the
six problem sets,

Designations and example values for 23 representative
vectors which tested from poor to excellent are listed
in Table 49,

Test vectors include physical data, such as can be
found in the literature and chemical handbooks for the
various solutes. The free-floating feature of TFA enables
us to leave blank any unknown data peints, The target
transformation feature of TFA will predict the missing
data points quite reasonably if the test vector trans-
forms well, Details are provided in Table 50 of four
selected target transformation on the CARB problem for

fourteen selected solutes. Of these, three (MV, XM and VP)



Table 48. Summary of physical and structural vectors target transforming

with best agreement for each problem

Problem Test vectors®
All 6b BP, BPK, C; DH; EDH, MW, NC, NCM, SBPK, X, XM,
ALDE DT, K, LVP, MP, MPK, MR, MV, ND, UD, UNI, CV%, CVe, CV7.
KE?l K, Kp, LVP, MP, MPK, MR, MV, SYM, UAS, UNI, USC, VP, (CV2,CV3. CV4,
KET?2 Kp, LRI, LVP, MP, MPK, MR, MV, NO, UAD, UAS, UCY, UD, UDI, UNI, USC,

VP, VMH, CV1, CV8, CV9, CV10, CVll, cCvl2,

CARB K, MD, MP, MPK, MR, MV, NO, UAD, UAS, UCY, UDI, UK, UNI, VMH, VP,
MC33 DIP, DK, K, ‘MA, NH, ST, UAR, UCA, UL, UOH, VA, VB,

VIS, EDM, CV13.

MC53 pip, DK, K, MA, NH, ST, UAR, UOH, VA, VB, EDM, CV13.

See Table49 for most of the designations.

Other designations are: C: number of total carbon atoms; DIP: dipole
moment of functional group; DK: dielectric constant; DT: d(BP)/dT;
KP: position of keto group; LRI: log of refractive index; LVP: log of

vapor pressure; MA: main chain length; MD: molar dispersioen; ND: number

(continued)
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Téble 48 |, (Coﬁtinued)

doulbrle bondé; NH: number hydrogen atoms; ST: surface tension; SYM: symmetry

uniqueness; VA: Van der _Waal's constant "a"; VB: Van der Waal's constant
“pb": VIS: viscosity; EDM: electric dipole moment.

The following are uniqueness test vectors: UAD: adjacent dione:
UAR: aromatic; UAS: adjacent side chain; UCA: carbonyl; UD: double bond;
UDI: dione; UE: ester; UK: ketone; UOH: alcohol.

Points on' the following correlation vectors (CV) are in most cases "0"'s
—or "1"'s, For each correlation vector, test points having non-zero values
are given below, If the value for a given solute is other than "1", the
value is given in parenthesis. (Test points not designated are all "0"'s.)
CVvl: K1, K27; Cv2: K1,K2,K3(.5),K7,K10(-.8),K18; CV3: Kl,K2,K3,K4,K5(.5),
K7,K18; Cv4: K4,K7,K15,K17,K18(2.); Cv5: A5,A7,A9,Al15; CV6:A12,A16,A17,A18:;
Cv7: Al0,A11,A12,A13(-.5),A16,A17,218; CV8: K1,K2(.5),K27: CV9: K19, K20,
K24,K27(-2,); CV10: K19,K20,K24; CV1ll: K1,K24(-.5),K27; CVv12: K11,K16,K17;
CV13: AI4,AlLS5,

b Vectors testing well in each of the six problems.
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Table 49 Summary of selected target transformations for physically

significant test vectors for CARB problem,

6 factors,

Example
Symbol Name of test vector values?
BP boiling point (<C) 128,173
BPK boiling point (K) 401, 446
DH heat of combustion ££,1205
EDH exponent DH f£,.13
K volumatric susceptibilityexlo—'6 £f, Tf
LDH log DH A 3.08,ff
MP melting point (C) -56,~16
MPK melting point (K) 217,257
MR molar refraction 30,39
MV molar volume ml/mole 124,197
MW molecular weight 100,128
ned number carbon atoms 6,8
NCM number carbon atoms, main chain 6,8
NO number oxygen atoms 1,1

Qualitative

Points®® evaluation C
36 g
36 v
15 v
15 v
19 f
15 g
29 £
29 g
24 v
24 v
39 v
14 v
39 g
39 f

(continued)
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SBPK

UNI

ucy

uscC

¥

XM

VP

VMH

Examples are given for hexanal ¢

square BPK 160920,198920
unity 1,1
cyclic uniqueness 0.0
ketone " 0.1
side chain " 0,0

specific susceptibilityexlo—6 .693, ff

molar susceptibility® x10™° 9.4, ff
vapor pressure £E, £f
molar heat of vaporization £E,11649

ff are free-floated values.

Number of points on test vector.

v-very good agrecment between test vector and predicted vector;

35

39

39

39

39

20

20

10

25

Q g\ th

<

g
g

solute Al0) and octancne {solute K1l6):

g-good agreement; f-fair agrecment (several points poorly predicted

or pattern only predicted); p—-poor agreement.

Points

correspond only to straight molecules. All other points were

free~floated.

Diamagnetic susceptibilities from reference 88 .

S8T



Table 50. Details of selected target transformations for CARB problem, 6 factors

Molar Molar Side chain Vapor
volume (MV) susceptibilit uniqueness pressure_ (VP)

. (ml/mole)  _(XM) %10~ (Usc) (1b/in?)

Solute® Test™ Predicted TestP® Predicted Test Predicted Test ‘‘ Predicted

A2 57.1 55.9 22 20 0.0 0.3 8.6
A4 90.5 91.4 46 47 .0 .2 2.1
A7 108.4 103.2 58 56 1.0 .3 1
A9 109.6 110.7 60 1.0 .7 1.0
Al0 123.7 125.1 69 69 .0 .2 2.1
Al2 157.5 87 1.0 5 -4
Kl 74.0 75.0 34 36 .0 .5 4.3 4,1
K4 106.4 108.0 58 58 .0 .4 .9 .6
K6 124 .2 124.3 69 68 .0 .5 .3 .2
K10 125.0 126.1 70 69 1.0 .8 .6 .6
K16 157.5 155.7 87 .0 -5 -.6
K19 97.2 52 - 51 .0 .0 -.4
K25 76.5 33 .0 .1 -1.8
K27 104.9 50 .0 .1 -2.1

i See Table 21 for designations.

Blank points are free-floated points.
Test valid; six other points not shown.

98T
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target transform well, one (USC) did not target transfomm.

Structural vectors based on our chemical knowledge
and intuition can be constructed. Thus, a vector testimg
for unsaturation which we can call an unsaturation or
double bond uniqueness test vector would consist of values
of "1.0" for those solutes which are unsafurated and of
"0.0" for the saturated solutes, Those solutes whose de-
signations we would be unsure of, could be free-floated.
For example, on an unsaturation uniqueness vector, an
aromatic solute would be free-floated, the predicted vec-
tor then assigning the proper "unsaturation" value to tle
aromatic.

"Correlation" vectors representing the correlations
obtained in the uniqueness tests may also be constructed.
In these vectors, we can assign partial values, such as
+0.5 or -0.5, to those solutes which domt correlate as
strongly, or correlate negatively as compared to the
other solutes in the vector. Sometimes the correlation
vector can be optimized by modifying it after observing
its performance in the target transformation. However,
modifying it too much would lose its physical significance
by optimizing onto one of the abstract factors.

Only those correlation vectors which target transformed
well are listed in Table 48. However, all of the apparent
correlations abserved in the uniqueness tests were tested.

As expected, boiling point (BP), enthalpy of vaporization

(DH) (for those data sets available), and NC (carbon number
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based on straight chain alkanes) generally tested well.
Interestingly, the boiling point squared (SBPK) was a
very good vector. This vector has been found to be a
good vector for most solute GC data sets which were
factor analyzed. 25 |

Table 51 is a list of the tested target vectors which
did not target transform well. Some vectors resemble a
unity vector in that all data points are equivalent.

They are indicated in Table 51 by a "u",

Three carbon number vectors were tested. On each pro b-
lem set, all three target transformed well. Two of the
vectors tested for the total number of carbon atoms in
a solute (NC) or in the main chain of the solute (NCM).

The third vector tested for the carbon number (C), in which
only values for the straight chain alkanes were used,
Values for the other solutes were free-~floated. This
would allow us to assign a carbon number value (on a re-
tention index scale) to the various functional groups

- and branches of the free-floated solutes,

A target vector must have at least n-data points in
the n-factor space it is tested in. Preferably, there should
be more than n+l data points. The MC53 problem set is a
7—-factor space problem; however, there are only 5 straight
chain alkanes., Consequently for set MC33, values for the
aldehydes 25, 27, 29 obtained from the carbon number (C)
target transformation vector from problem set ALDE were

input for those solutes,
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Table 51. Solute vectors which did not target transform well

Problem Vectors:
ALDE RI (u): SG (u); SR (u); RIN (u); SD (u):; NB; NBC,
KET1 DEN (u); RI {u);dBP/dP (u); SG(u);RIN (u); SD (u);
VMH; VPB.
KET2 dBP/dP(u); ‘K (u); NB; RI; RIN; SD (u); SG; SR; SYM:
UD; VPB.
CARB dBP/dP (u) ;DEN (u); KP; NB; NBC; ND; RI; RIN;
SD (u): SG; SR (u); SYM:; UD; USC; VPB.
MC33 MP; DEN; DT,
MC53 SG.
a =unity vector. See Table 49for most vector designations.

Other designations are: DEN: density; dBP/dP: boiling point

dependence on pressure; NB: number branches; NBC: number

branched carbons;RI: refractive index; RIN: refractive

intercept; SD: specific dispersion; SG: specific gravity:

SR: specific refraction; VPB: constant "b" vapor pressure

equation (ref. 88 ).
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The carbon number values for the oxides and aromatics
of the main chain length vector of MC33 and MC53 were
free-floated., Predicted values for the —égb— ring averaged
4,6 on MC53 and 4.2 on MC33, Predicted values for the
benzene ring averaged 13,5 for MC53 and 10.8 for MC33,

Thus the pi-system seems to add approximately six carbon
atoms, ‘

Molar refraction (MR) and molar volume (MV) target trans-
formed well on all the carbonyl sets (data was not avail-
able for problems MC33 and MC53). According to Equations
83 and 84, solute molar volume and molar refraction are
theoretical factors. Dipole moment, predicted in Equation 85
as a possible factor, also tested well in the MC33 and MC53
problem sets where the data was available, Van der Waals
constants "a" and "b" also tested well for sets MC33 am
MC53, the only problems where they could be tested due
to data availability.

Correlation vectors that tested well are also listed,

It is hard to rationalize these vectors chemically. However,
some of these vectors such as CV5 and CV10 may represent
molecular weight correlations,

Uniquenéss test vectors for aromatics (UAR) and alco-
hols (NOH) tested well in MC33 and MC53. A uniqueness
vector for ester also tested well in MC33, These vectors

indicate that a unique interaction is associated with

the alcohols, aromatics and for MC33, with the esters.
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E, Combinations of Basic Solute Vectors

In the combination step we can determine 1) which
of those vectors which target transformed well are redun-
dant (i.e., represent the same abstract cofactor) 2) whether
we have adequately determined the entire cofactor space,
i.e., have a basic vector for each of the n abstract co-
factors and 3) which set of vectors represents best the
cofactor space,

Because the total number of vectors which tested
well in the target transformation step was so large
for each problem, it was impossible to obtain the combina-
tion of all the vectors due to limited computer time,
Thus, the combination of the physically significant vectors
was obtained using the same method as previously des-
cribed for the solvent physical wctors, A combination
of a'preliminary selected set of the most promising vec-
tors (as determined by their performance in the target
transformation) was first obtained. Those vectors which
aré found in the preliminary step as insigmnificant were
then removed and other new vectors were then added to
the vector set, for a second modified combination set. For
some problems this was repeated as many as six times., Thus
the final combination vector set, though containing only
17 to 19 vectors, was the result of the combination on all
the good vectors.

Table 52 provides a summary of the results for the six

problems., In every problem, SBPK, the square of the boiling
point, is the best vector combination for the one factor

space. However, its signficance diminishes in the higher



Table52,Summary of combinations utilizing best physically significant solute

cofactors for each problem, factors 1l-7,

Number _of real vegtor cofactors used in the reproductionb
3 5 g

Vestors in ten best

Problem® 1 4 7 combinations®
ALDE 48.3 16.3 7.2 6.3 4.3 2.5(11.2)
17) SBPK SBPK,EDH BPK,MW,NC DT,MR,NC,XM EDH,DH,K,MR,X  DH, EDH, K, NC, DH, DT, EDH, K, MR, MV, NC, X, XM
: X, XM
KETl  39.7 4.5 3.7 2.8(20.6) )
(17) SBBK SBPK,NC  NCM,KC, Cv2,NC, SBPK, CV2,CV4,KP, LVP, MR, MV, NC,
SBPK XM SBPK, XM ;
KET2  41.1 25.4 19.1 10.9 9.2 6.8(47.5)
(17)  SBPK LRI,SBPK DH,NC,SBPK BP,BPK,MV, BPK, DH, LRI, MR, NC BPK,KP, LRI, BPK, DH, KP, LRI, LVP, MR, MV, NC,
VMH ) LVP,NC, VP SBPK, UNI, VA, VP
CARB  43.2 19.2 15.2 13.8 11.7 9.8(106 )
(19) SBPK DH,SBPK  BPK,DH, BPK, DH, SBP, DH, K,NC, VP, XM DH, K, liC, UK, BPK, DH, K, MR, MV, MW, NC, SBPK,
SBPK VMH VP, XM UK, UNI, VA, VP, XM
MC33 {20. 81.2 30.7 23.6 17.3 1l.0(81.9 .
(18) SBPK DIP,SBPK DIP,NCHM, DIP,NCM,UOH,* DIP,MA,UOH,X,VB C,DIP,ST,UOH, C,Dl,DIP, K, MA,NCM, 5T, UOH, VA,
UOH X X,VB VB, X
mMc53 111, 69.7 62.6 37.0 19.4 16.4 14.(167) .  pK,DIP,K,MA,NC,NCM, ST, UOH,
(17)  sBPK BPK,NC BPK,NC,UOH EDH,K,VA,VB K,MA,NC,DIP,UOH DK,K,NC,ST, DIP,K,NC, VA, VB, XM
) UOH, X

a

"Lower line - number of-real veators-used-in-the_final combination step.

NCM, ST, UOH,
XM .

Upper line - rms error: lower line -~ real vectors occurring in best combination .

Largest error for the best.comhinationeof the true facbtor space for each btoblem is

given in parenthesis.

See Table48 for vector desjgnations.

Tk
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The best combinations give quite good results for

problems ALDE, KET1l, and KET2, For problems CARB, MC33
and MC53 the results are not as satisfactory (rms error =
9.8, 11.0 and 14.0, respectively). 1In the latter three
problems, we are obviously missing a representative for
at least one of the abstract cofactors in our best com-
bination set, Thus, our vector combinations do not

fully represent the entire cofactor space.

In general, the best combination set consists of a
carbon number vector (NC or C), a vector which can be
associated with vaporization (BP, SBPK, EDH, DH, VP, LVP
or VB), a vector related to magnetic susceptibility
(VM, K or X) and vectors which may relate to specific
interactions (CV2, UK, WH, ST and DIP)., Objective com-
parison of those vectors which are dominant 1in the
best combinatioﬂs of one problem with those in another
problem are not possible because many of the vectors were
not available in all the problems. For example, dipole
moment (DIP) data was available only for problems MC33 and
MC53,

Similarly, in comparing the best combination sets for
these problems with previous factor analysis solutions on
other problems, we must keep in mind that the same set
of vectors was not used in determining the best combination.
Also, since the solvents and solutes comprising the other
data sets were different, there are other dominant or spe-

cific interactions.
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Four previous studies have, using factor analysis on
gas chromatographic data, determined the best combination
of physically significant vectors to reproduce the origi-
nal data matrix. Weiner and Parcher?? for thirteen butenoic
acid esters in a four factor space found UNI, BP, VA and
C or MR as the best (5 RI units) combination set.
Howery24, for twenty five hydrocarbons (six factors),
found C, UA, MV or DH, UE and two specific structural
vectors to provide the best (+8 RI units) combination.
Weiner and Howerx?l for twenty five alcohols (5 factors),
found UNI, Mw, MR, C and BPK gave the best (+8.4 RI units)
combination and Selzer and Howerx?sfor eighteen ethers (six
factors), found C, NA, SBPK, square of C and two specific
structural vectors to give the best (+5.3 RI units) com-
bination,

In general, in each of these studies, a carbon number
vector (C), a vector associated with the bulk molecule
(dispersion forces) (MV, MR, MW, NA) and a vector assoc-
iated with vaporization (BP, SBP, MVH) are important co-
factors. Specific interaction vectors (UA, UE) and speci-
fic structural vectors represent the other major cofactors.
These results, then, have also been duplicated in the six
problems in this study, as described abkove,

Tables 53 and 54 give the pattern tables for the
CARB and MC33 problems. Thus, we see that SBPK is a
‘significant vector in the C2RB problem, equivalent pro-

bably to the second or third factors. In the MC33 prob-



Table 53, Percentage of better reproductions involving specific real solute cofactors
for CARB problem, 6 factors,

Number of real vector cofactors used in reproduction

Real
Vector? 1 2 3 4 5 6
BPK 9 31 22 23 24 23
DH 0 6 16 17 61 48
EDH 0 14 16 19 21 28
K 9 6 13 17 16 54
MR 9 8 16 21 21 23
MV 9 6 17 21 21 26
MW 9 11 11 20 19 30
NC 9 11 37 36 42 37
NO 0 3 5 14 17 17
SBPK 9 42 71 81 74 78
UNI 9 8 18 16 19 15
UK 0 0 0 3 44 63
VMH 0 3 2 14 15 24
vp 0 3 3 15 16 40
XM 0 6 11 13 17 16
X 9 3 16 18 18 28
C 9 14 14 18 16 13
Total number of
combinations: 19 171 969 3876 11628 27125
Cutoff for better
reproductions
(rms error): 165. 70. 30.1 21.6 19.7 15.0
Number reproductions

less than cutoff: 11 36 100 500 1000 1000
, (continued)

S6T



Table 53 (continued)

rms error, abstract

reproduction: 33.3 7.7 5.7
Best combination:
rms error: 43 .2 19,2 15.2
vectors®: SBPK DH, BPK,DH,

SBPK SBPK,

2 vector designations taken from Table 48.

4.3 2.6

13.8 11.7

BPK,DH, DH,K,

SBPK,V NC,VP
XM

1.9

9.76

DH, XK,
NC, UK,
VP, XM

961
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Table 54, Percentages of better reproductions involving

specific selected solute cofactors for MC33

problem, 6 factor

Number of real vectors used in reproduction

Real
vector 1 2 3
DIP 0 20 46
X 6 10 6
NC 6 10 26
NCM 6 12 17
SBPK 6 24 57
ST 6 26 0
UE 0 0 3
UOH 0 8 31
va 6 16 14
VB 6 10 11
X 6 10 3
Total number
combinations 18 153 - 816

Cutoff for
better reproductions

(rms error) 300. 210. 100.

Number of

reproductions

less than

cutoff 10 51 35

rms error,

abstract
reproduction 63.6 23.7 15,

a

4
66
25
19
25
18
45
2
44
33
20

20
3060

52.4

100

5.2

5
71
33
27
41
0
47
0
74
42
30

21

8568

26.5

200

2.8

Vector designations taken from Table 48 ,

6
89
31
27
40

0
49
50

100
38
25
43

18654

17.9

200
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lem, however, SBPK loses its significance totally in the
higher factor spaces (at 5 and 6 factors its percentage
is 0.0).

The pattern for the vectors MD, MV, and MR in problem
CARB are obviously similar, indicating the equivalence of
these vectors., We do expect the molar volume and molar
refraction (really a relative measurement of molar volume)
to be equivalent,

Table 55 summarizes the correlations obtained on all
the problem sets from the pattern tables, as well as cor-
relations obtained from comparison of the best 30 combi-
nations. Vectors, MV and MR, as expected, are equivalent
for those solute sets where they were tested (2ALDE,

KET1, KET2, CARB), They were not tested in MC33 and MCS53

because of lack of data.



Table 55.

Summary of correlations for physically significant solute cofactors

for each problem

Correlations based on

Problem best combinations®

ALDE MR=MV; DT=X=XM

KET1 CV2=CV4=KP; NS=NCM;
MR=MV; LVP=XM

KET2 MV=MR=VA=BPK; DH=XM;
LRI & LVP=SBP & MV

CARB MR=MV; DH=XM; BPK=UNI:
BPK & VA=NC & XM=NC & DH

MC33 C=NCM=MA=DH; UE=X;
UAR=VA

MC53 MA=NCM; K=VBy DK=DIP

3 see Table 48 for designations,., Correlated solutes related by an "=

Correlations based on percentage tables

Redundant vectors@

EDH~X; MWAC; MR~MMV
CV2=CV4; C=NCM;
MW=MR

MV~MR; LRI~NC

EDH=MW; MV=MR=MD
NC~VB: NCM~VA;

DKaDM

VA=VB

correlations; "A" for weak correlations.

Cofactor equivalencies®

SBP=2 & 3; NC=4;
EDH & K & X»+5; DT=6

UNI & NC=2; SBPK=3

SBPK & BPK=2; BP=5;
KP & NC & VP=6

SBP=2; SBP & NC=3;
DH & UK=5; K & VP=6

ROH & DIP=3; DIP & ST &
VIS=4; UOH=5; UOH & UE=6

VA & VB & NC=4; UOH & DIP
& ST=5; XM=6; DK & NCM &
ST=7

for good

661
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F. Prediction of New Solute Data

2s described for the solvents, the definitive test
of our factor model is whether our sets of real cofactors
can be used to predict new solute data. For the solutes,

then

dyx = irxm Crnk (62)

where d., is the preuicted retention index for new solute
X on solvent Kk, rxyp is the value for key, basic cofactor
m for the solute, x, as determined in the combination
portion of the analysis, and c_; is the element of the
[} matrix for solute cofactor m on solvent k. Using
this equation we may predict the retention index for
solutes other than those used in the data matrix.
Tabulated in Table 56 is the column matrix [C] for
the best combination of real solute cofactors on problem
MC33: -X, ROH, DIP, VB, ST,- C. Thus, for example, the
retention index for a new solute X on solvent G

(dioctyl pthalate) is:

d = (-X),*(~-260.9) + (UOH)x-(190.1) + (C)y-(49.) +

X:G (63)
(DIP): (63.6) + (VB),* (2101.) + (ST)* (8.72)
Thus for a new solute, butanol:
dbutanol,G = (.7627) (+260.9) + (1) (190.1) + (4) (49.) + (63a)

(.66) (63.6) + (,1143) (2101 + (24.6) (8.72) = 748



Table 56. Column matrix C

UOH
DIp
ST

a
See Table

b see Table

for best combination set, MC33 problem.

Solventsb

A B C D E F G H I
~-407.6 =249.3 -257.1 -235.4 79.7 =263.2 -260.9 -232.4 -285.2
-263.6 164.6 193.8 187.1 461.8 184.,2 190.1 185.2 251.9
31.8 57.9 45.9 50.1 -33.7 48.3 49.0 49.8 44 .3
91.1 65.5 47.6 47.5 209.6 59.4 63.6 47.6 63.3
2839, 1668, 2095. 1928. 2763. 2127. 2101. 1918. 2318,
14.2 9.5 9,7 8.9 14.3 8.8 8.7 8.0 9.3

J K L M N Q P Q R
-202.7 =565.1 -250.5 -466.8 =-499,7 =-679.8 -306.3 ~-321.3 -748.1
286,1 503.9 186.4 476.9 257.0 331.6 191.7 251.6 159.8
52.6 6.4 46.8 22.9 23.1 4.3 48.4 40.3 24,0
64.0 129.0 47.1 127.4 59.4 100.4 42 .3 89.2 80.5
1928, 3782, 2042, 3416. 3149, 3855, 2102, 2455, 5209.
6.4 20.9 9.6 14,2 18.4 26.3 11.1 11.1 25,6

48 for cofactor designations.
20 for solvent designations.

10¢
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The reported value for the retention index of butanol

on solvent G is 782, We do not expect very good agree-
ment between the predicted and reported values, since our
factor model is not complete, missing at least one factor
for MC33,

Table 57 compares the calculated and reported values
of five solutes, butanol, butyl acetate, ethyl benzene,
ethyl butyrate and heptane, on four non-key solvents:

E, G, N and R, These solutes were chosen to represent

each of the major solute classes in MC33, The solvents
include the two unique solvents E and R and two non-unique
solutes G and N, It is obvious that the better predictions
are obtained for the non-unique solvents, Our basic

solute cofactor set fails in accounting for the unique
interactions of the solvents E and R.

The uniqueness of solvents E and R is apparent in the
(C} matrix of Table 56. The factor loading for cofactor
C (carbon number) is negative for both solvents, whereas,
for all other solvents it is positive. Solvent E, in
addition, also loads on cofactor X (magnetic susceptibility)
in the opposite direction than all the other solvents,
Thus, an analysis of the solute [C) matrix provides us with
some important solvent information,

Our ability to predict solute retention data is limited
by the lack of data for the solutes on the real physical
cofactors. We may be able to compensate by estimating

the value for a real solute cofactor for a particular solute.



Table 57.Prediction of retention data

stationary phases for problem MC33

Calculated and literature retention indices for solvents®

for five new solutes on four

Solute cale, 1lit. calec. 1lit, calc, 1lit, calc, lit.
butanol 1054 1443 748 782 880 933 852 941
butylaecetate 947 1179 841 869 943 983 1086 1153
ethylbenzene 579 1158 1065 '947 1016 1024 793 1070
ethylbutyrate 1198 1136 922 848 1016 954 1202 1106
heptane 659 700 719 700 717 700 732 700
average error 261 112

2 literature values taken from reference 80 . Calculated values obtained

using equation 62

solvent designations,

and C matrix from Table 56. See

Table 20

for

£0e
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Thus, the valde for the surface tension (cofactor ST)
for butyl acetate was estimated at 24 dynes/cm since
ethyl acetate is reported to have a surface tension of
23.9 dynes/cm. The carbon number (cofactor C) for ethyl
benzene was estimated at 12,8 since the benzene ring was
found equivalent to 10.8 carbons in the target transfor-
mation step. Obviously, these estimates by themselves
introduce large errors into the predictions.

We are fortunate that data is available on many solutes
for the real solute cofactors found in MC33, The calculated
retention data do not agree satisfactorily with reported
retentién data, but this is expected since our best co-
factor model for MC33 does not reproduce our original
data matrix satisfactorily (a; shown in Table 52),

We had hoped to demonstrate the accuracy of the
predicton equation using the solute cofactors for problem
ALDE, which gave excellent reproduction of the original
data: EDH, DH, K, NC, X and XM, However, data is not
available for these solute cofactors for many aldehydes
other than those used in the ALDE matrix. Solute cofac-
tor data was found for only four solutes: benzaldehyde,
cinnamic aldehyde, p-hydroxybenzaldehyde and forméldehyde.
Reported retention data is available only for formaldehyde.
However, formaldehyde is expected to be unique due to its
small molar volume and molecﬁiar weight. Thus we do not
expect good agreement between predicted and reporﬁed reten-

tion data for this compound. The remaining three solutes
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are aromatic, a functionality not represented in ALDE,

We would thereforerot expect the ALDE solute cofactors to
adequately represent any aromatic interaction cofactor

and consequently, the predicted retention data for these
solutes is probably not accurate, Indeed, predicted reten-

tion indices average 1000 RI units greater than expected.
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G, Summary

In.summary, we have completed a target factor analysis
of six subsets of solute-solvent retention index data from
McReynolds' compilation utilizing 18 selected solvents m
various solutes including four sets comprising the
carbonyl functionalities, aldehyde and ketones, and two sets
with representatives of several classes of compounds,

The factor space was found to include four to seven factors
as corroborated by Malinowski's criteria,

The effect of solvent uniqueness was tested using
tWo different techniques:

1) by a target transformation uniqueness test, and

2) by a solvent functionality (effect on reproduction)

test
The major functionality of the solvent molecule was
found more significant than the underlying molecular
skeletal structure, Aé expected from previous work,
solvents diglycerol and Zoriyl E7 were found to be highly
'unique. '

These uniqueness results were corroborated in the
combination of typical solvents step. Thus diglycerol and
Zonyl E7 are present in every best combination set.
Pattern tables associate them with the third to fifth
abstract solvent cofactors,

The combination of solvent step provides a means for
suggesting the best set of solvents which comprise a key

solvent set. From the correlations obtained in the
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uniqueness and combination steps, satisfactory substitutes
for the various solvents may be obtained,.

Bssociating the abstract solvent cofactors with phy-
sically significant cofactors ip the target transformation
step, we find that the McReynolds' constants do represent
many of the solvent cofactors. However, of greater sig-
nificance, as illustrated in the combination step, they are
not sufficient to span the entire factor space. Other
significant vectors include those predicted by theory,
i.e., molar refraction and molecular weight, and struc-
tural vectors and correlation vectors obtained in the

uniqueness tests,

Combinations of the physical vectors show the McReynolds'

constants to represent two to three of the abstract co-
factors. The cofactors associated with the unique inter-
actions of diglycerol and Zonyl E7 also are unique and
extremely important as illustrated in the pattern tables,
The best combination sets were fairly satisfactory. How-
ever, formost of the problem sets, at least one major co-
factor is probably missing from our final compilation.

The best combination sets provide surprisingly good
predictions of new retention index data for new solutes
on the solvent set. The results are especially good for
the polar solvents indicating that we have good represen-
tadve céfactors for the polar interactions.

Similarly for the solutes, the uniqueness of the

individual solutes and classes of solute compounds was
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explored., Solutes correlate, as expected, according to

~the dominant functionality of their structure. The alde-
hyde and ketone functionalities are found to exhibit
essentially the same type of interaction.

Despite computer limitatioﬁs, a method is described
that gives satisfactory results on the combination of
solutes cofactors. Correlation obtained from the combination
step are also easily understood from a chemical stand-
point.

As predicted theoretically (see Appendix B), molar
volume or refraction, enthalpy of vaporization or
boiling point, dipole moment and polarizability should
target transform to abstract cofactors, as verified in the
target transformation step. Three carbon number vectors,
including one used to provide a carbon number scale rela-
tive to the n-alkanes, also target transform well., Typical
carbon numbers of 4.4 are assigned to an oxide ring
(—deb-) and 12.4 to benzene,

Combinations of the real physically significant vectars
yield excellent reproduction results for most of the
problem sets. In general, the best combination set con-
sists of a carbon scale vector, vectors associated with
vaporization and magnetic susceptibility, and a vector
relating to specific interactions for a functional group.
Previous studies of other solute cofactors using target
factor analyses obtained similar results,

Examples are also given illustrating the predictwe

capabilitity of TFA using solute vector cofactors.
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CHAPTER IX

TARGET FACTOR ANALYSIS OF GAS~SOLID-CHROMATOGRAPHIC
RETENTION INDICES INVOLVING

IONIC SORBENTS

A, Int.oduction

Gas liquid chromatography (GLC) developed much more
rapidly than its predecessor, gas solid chromatography
(GSC). For many years the utility of GSC was restricted
to separations of hydrocarbons and of low boiling gases.
Recently, however, the applicability of GSC has been
extended through the development of many new sorbents,

Of these new support materials, some of the most
useful are the macroreticular ion exchange resins. The
macroreticular resins are mechanically and thermally
stable under conditions normally used in GSC. The cation
exéhange resins can be readily converted to maﬁy metal
ionic forms without the anionic polymer matrix being
greatly changed in the process. The macroreticular
resins should therefore be suitable for studying the
effect of the metal cation on the retention behavior of
compouﬁds in GScC. )

Hirsch et a18° reported the retention indicés of
twenty one alkane and aromatic compounds on a macroreti-

cular cation exchange resin, Pmberlyst 215, using 15 metal
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ionic forms at 160°C. More recently, he has furnished
us with more complete data obtained at 18O°C.90 The
retention indices of the n~alkanes were curve fitted and
are therefore not in exact multiples of 100 as should
be by definition. The data is reported in Table 58.
The experimental error is reported tobe +3—-+4 RI unit;.
The data contain the retention indices of 21 normal,
branched, cyclic and olefinic alkanes and aromatic solutes
on 9 ionic forms of the Amberlyst Al5 resin. In addition,
the retention index of the 21 solutes on Chromosorb P,
are also included. Chromosorb P is a relatively inert
diatometous support prepared from Sil-0-Cel C22
firebrick. It has a relatively hard surface and is
useful in GLC because it lms a high capacity to hold
liquid phases (up to 30% loading). IN GSC, its utility
is in separation of hydrocarbons and other low polarity
compounds, Being a relatively inert support, Chromosorb P
should provide a good test of the Pmberlyst ALl5 backbone's
activity in the same data base. Both Amberlyst Al1l5 and
Chromosorb P have high surface areas with high pore volume.
In the following, we shall designate each of the ionic
forms of the resin by the reSpective atomic symbol, i.e.,
the symbol Ag will stand for the Ag+—ionic form. Chromo-
sorb P will hereafter be designated CP.

A simple @malyses of the original data in Table 58 leads
us to the conclusions in the followirg paragraphs,

The branched alkanes are retained for shorter times



Table58,Gas-solid-chromatographic retention indices at 1800C90'
Solute Sorbent?

No. Name Li+ Na+ K+ Rb+ Cs+ Ag+ Mg++ Ca++ Sr++ Bat++ _CP
1 n-pentane 501 500 499 500 498 500 505 501 502 502 gpg
2 n-hexane 598 599 601 600 601 600 598 600 600 598 600
3 n-heptane 702 701 702 700 702 699 699 699 699 698 701
4 n-octane 799 800 798 800 801 800 799 799 799 803 799
5 cyclopentane 515 500 505 508 506 500 500 496 502 498 544
6 cyclohexane 609 605 605- 599 60z 603 585 580 583 595 648
7 cycloheptane 723 726 721 720 729 722 701 698 702 702 776
8 cyclooctane 832 838 831 834 841 833 811 809 812 815 895
9 methylcyclopentane 593 583 596 585 595 587 575 570 573 576 620

10 2,4-dimethyl-

: pentane 656 647 662 653 664 662 663

11 2,2,4-trimethyl-

pentane 727 724 739 734 742 742 692 692 699 705 743

12 1-hexene 662 661 653 651 642 1197 650 675 671 660 592

13 cyclohexene 672 669 663 661 659 1208 645 681 686 653

14 benzene 741 756 804 854 894 1088 702 827 875 919 638 (continwed)

ja x4
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le6
17
18
19
20
21

58. tinued

chlorobenzene
ethylbenzene
toluene
o-xylene
l1-heptene
3-heptene

l-octene

941
937
860
964
757
728

850

952
941
863
962
756
733

853

998
962
892
985
743
731

835

1069
991
925

1002
742
729

842

1098 1070
-1015 1330
951 1220
1033 1375
736
728

836

Cationic forms, amberlyst Al5; CP - Chromosorb P

815 1002 1055 1095

713

765

763

758

798

830

691
694

791

(AN
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than the straight chain alkanes. The retention is shortest
for the divalent resin forms, The cyclic alkanes show
slightly longer retention with the univalent ion forms
and shorter retention times with the divalent cationic
forms of the resin. Thus, the effect of higher cationic
charge is shorter retention times, Most likely, the non-
polar unsaturated compounds are repelled by the ionic
groups and attracted by the hydrocarbon matrix of the
resin. Thus, greater ionic charge results in more repul-
_sion and shorter retention times.

The olefins are retained longer than the n-alkanes;
the greatest retentions are for the smaller ions, As
ionic size increases, the retention decreases. This is
probably a result of an ion-induced dipole interactions
between the stationary phase and the olefin. The silver
form is unusual in that it forms stable complexes with ole-
fins, Thus, the retention times of those olefins reported
on 2g are extremely long.

The aromatics also show an increased retention with
cation size probably due to electrostatic interactions,

The adsorption of the aromatics on 2g also shows evidence
for silver complex formation with the aromatic Tr~system.
Chlorobenzene is the most polar of the solutes., For
example, ethylbenzene is retained less than chlorobenzene
on all the ionic forms except 2g. The permanent dipole
moment of chlorobenzene strengthens its adsorption. The

electron density on the benzene ring in ethylbenzene is
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much greater than in chlorobenzene where the electron wi th-
drawing halogen atom is present. Thus, ethylbenzene is
retained longer on Ag; it forms a more stable complex with
silver than the electron deficient chlorobenzene ring,

Unfortunately, the data matrix in Table 58 is not
complete, For example, the retention index on Ag is not
reported for tle heptenes and l-octene. Consequently,

a TFA on the entire matrix is not possible. (2s ex-
plained in Chapter IILno data point in the original data
matrix may be left blank). However, subsets of the original
data matrix may be studied. The results of the reproduction
and uniqueness steps for these subsets will be discussed

and a complete TFA will be shown for the most representa-
tive subset.

Ten subsets were studied, three including only the
monovalent cation resin forms, In each case, the purpose
was to include as many of the solutes and solvents as pos-
sible. Unique Chromosorb P column was kept in seven of
- the subsets. One of our purposes in this study was to

study the effect of this column on the factor space.



B. Reproduction and Unigqueness Test:

12 X 10 Set

Table 59 gives a summary of the reproduction for
the subset called 12X10 (12 solutes, 10 solvents).
Problem 12X10 includes four straight chain alkanes
(solutes in Table numbered 1-4), five cyclic alkanes
solutes (5-9), a branched alkane (solute 11) and two
normal alkenes (solutes 12 and 19). The sorbents in-
cluded the following nine ionic resin forms: Li, Na, K,
Rb, Cs, Mg, Ca, Sr, Ba and the Chromosorb P column.

At four factors only ten data points (8.3%) are
predicted with errors greater than #4RI units. This
compares to 32 points (26.7%) for three factors. The
Real Error for four factors is predicted tole 2.16,
whereas for three factors its value is 4.0, Experimental
error is estimated by Hirsch to be less than + 4 RI units,
Thus the Real Error also substantiates a four factor
space. The Indicator function, as well, shows a minimum
at four factors. We conclude that problem 12X10 is
a four factor space.

Table 60 gives a summary of the solute uniqueness
test for problem set 12X10. Solutes 2,2,4-trimethyl-
pentane and l-heptene were the most unique (.90 and
.83, respectively). The reason for the uniqueness of
2,2,4-trimethylpentane is probably because it is the

only branched straight-chain alkane., The cause for the

215



Tablebs9, Factor determination, 12x10 problem

rms Largest Percentage Real . Imbedded Indicator
Factor error error error > ¥4 error error (IND)
1 12.96 71.4 63.3 15.7 4.95 0.193
2 4,99 21.6 32.5 5.8 2.58 .0%90
3 3.44 9.9 26.7 4.0 2.21 .082
4 1.94 7.7 8.4 2.6 1.67 .073
5 1.44 5.0 3.4 2.1 1.50 .085

91¢



217

Table 60.Uniqueness values and correlations for solutes,
12x10 problem

Uniqueness Correlates

Solute : "test value with solutes®
n-pentane 0.17 2,3,4(.22)
n-hexane .16 1,3,4(.21) -
n-heptane .20 1,2,4(.23),12
n-octane .28 1(.22),2(.21),3(.23),12
cyclopentane .18 6,7.8(.20)
cyclohexane .22 5,7(.23),8(.26)
cycloheptane .25 5,6(.23),8(.28)
cyclooctane .32 5(.20),6(.26),7(.28)
methylcyclo- .12 11(.21)

pentane
2,2,4-trimethyl- .90 9(.21)

péritane
l-hexene .39 3,4,19(.31)
l-heptene .83 12(.31)

@ other solutes with predicted values greater than 0.15
ate listed. Predicted values greater than 0.20 are
given in parenthesis. Solutes 5 and 1l correlate”

negatively (-.18).
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uniqueness of heptene is less apparent.

Also listed in Table 60 are the correlations obtained
from the uniqueness test. The n-alkanes correlate well
with each other as do the simple cyclic compounds (solutes
5-8) and the alkenes (solutes 12 and 19 respectively).
Solutes 2,2,4-trimethylpentane and methylcyclopentane
also correlate well,

Table 61 presents a summary of the sorbent uniqueness
test on subset 12X10. As expected sorbent CP is extremely
unique (uniqueness value .98) being the only non-ion ex-
change stationary phase. Mg also shows high uniqueness
probably due to the small charge to volume ratio of the
Mg +2 ion. Li and Na correlate highly together as do

K, Rb and Cs and the divalent Ca, Sr and BRa.
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Table 6). Uniqueness values and correlations for sarbents,

12x]10 problem

Uniqueness

Sotbent® test value
Li 0.21
Na .22
K .35
Rb .21
Cs .37
Mg | .88
Ca .35
Sr .27
Ba .18
CP .97

Correlates b
with sorbents’

Na(.21), Mg(-.18)
Li(.21), Mg (~.19)
Rb(.27),Cs(.35)
K(.27),Cs(.27)
K(.35),Rb(.27)
Li(-.18),Na(-.19)
Sr(.30),Ba(.24)
Ca(.30),Ba(.21)

Ca(.24),5r(.21)

‘@ Ionic resin forms are identified by their respective

cation symbol; CP is Chromosorb P sorbent.

bSorbrents with predicted values greater thanlO.lSIare

listed.
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Reproduction and Uniqueness Test:

All Subsets

Results for the reproduction step for all subsets
are summarized in Table 62, The solutes and solvents
in each subset are also idemtified.

Since the original dta is incomplete, comparison
of the effect on the same data of removal of a particular
solute or solute group (or sorbent or sorbent group) is
not always possible. However, notwithstanding this limi-
tation, some important conclusions may be drawn from the
data in Table 62, as well as from results on the unique-
ness test (not shown).

For example, comparison of the factor size of subsets
13X9 (13 solutes, 9 sorbents) and 12X9 shows that the
removal of solute benzene, the only aromatic in set 13X9,
results in reduction of the factor space by one. Thus
benzene represents a unique interaction. The fairlx
high uniqueness value of benzene (ranging between .45-,99)
inball other sets where it is present further substantiates
this conclusion. Chlorobenzene, which we expect to be
the most unique aromatic, is indeed the most unique solute
(uniqueness values 0.48-0.51) in the subsets where it is
present (18X6, 19kX6, 21X5).

For the sorbents, Mg, in every case, is very unique
(.57-.97). Removal of Mg from the 13X1O0Ba sets (13 solutes,

10 solvents, contains Ba) set to produce set 13X9Ba reduces



Table 62, Reproduction summary for 13 subsets

Soiﬁies

Problem Number __ Designees 2
21x5 21 }1:51)
18x6 18 '(1-9,11-14)
19x6 19 (1-16,19-21)
13x8 13 (1-9,11-14)
13x9Mg 13 (1-9,11-14)
13x10Ag 13 (1-9,11~-14)
13x10Ba 13 (1~-9,11,12,14,19)
13x9 13 (1-9,11,12,14,19)
12x9p 12 (1-9,11,12,19)
12x10 12 (1-9,11,12,19)
12x9 12 (1-9,11,12,19)
a

See Table 59 for solute designations.
b

See Tahle 61 for sorbent designations.

Sorbents . - Factor

Number Designees o _size.
5 »(Li-Cs) 3
6 (Li-Ag): o 3,4
6 (Li-Cs,CP) ' 3,4
8 (Li~Cs,Mg,Ca, Sr) 4
9 (Li~Cs,Mg,Ca,Sr,CP) 5
10 (Li~ag,Mg,Ca,Sr,CP) 5
10 (Li~Cs,Mg,Ca, Sr,Ba,CP) 5.6
9 {Li~Cs,Ca,Sr,Ba, CP) 4,5
9 (Li~Cs,Ca,Sr,Ba.CP ) 4
10 (Li~Cs,Mg,Ca, Sr,Ba,CP) 4
9 (Li-Cs,Mg,Ca.Sr;ﬁé) 3

1cc
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the factor space from 5 to 4, further substantiating its
uniqueness,

The uniqueness value of Ag is extremely high (.99) in
both subsets (13X1(Rg, 18X6) where it is present. This
would indicate a unique interaction associated with 2g is
expected. However, comparison of sets 13X®Mg and 13X1.Ag
does not show the expected change in the factor space with
removal of 2g.

When sorbent CP is removed from problem 12X10 to form
12X9, reproduction of the original data requires only
three factors. In addition, removal of CP in problem
13X8 as compared to 13X9Mg, and in 21X5 compared to
19X6, show adrop in the factor space in each case. The
average uniqueness value of 0.98 for CP also indicates
its unique interactons. Dispersion (London) forces
would be expected to predominate due to CP's lack of anionic
groups. This further substantiates that one of the
sorbent cofactors in problem 12X10 is associated with CP.

For the solutes the following correlations are quite
'evident in most of the problems: a)normal alkanes (solutes
1-4):; D) cyclic alkanes (5-8); c¢) alkenes (12.19.21);

d) aromatics (14-18); e) branched alkanes (9-11); f) cyclo-
hexene and 2,2,4-trimethylpentane (6,11); and g) l-hexeme
and cyclohexene (12,13).

For the sorbents, the univalent solvents seem to

correlate according to ionic size. The smaller counter

ions Li and Na correlate well together, as do the larger
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counter ions, K, Rb, and Cs. The divalent forms (excep-

ting the unique Mg) Ca, Sr, and Ba also correlate well
together,

Summarizing the results of the reproduction and unique-
ness tests of all the problem sets, we find: 1) for the
solutes: unique interactions are associated with the aro-
matics, branched methyl groups and alkenes; 2) for the
sorbents: Mg and Rg and P are quite unique and the rest
of the sorbents correlate according to ionic size and

charge.
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C. Combination Step:

12X10 Problem—~ Using Typical Vectors

Because we wanted to study the gas-solid interactions
for the most complete, yet simplest problem, we chose to
continue the target factor analysis on problem.lleo.

Due to unique complexing interaction of the ag* ion,
we chose not to include 2g; sorbent CP was retained so
that we could study how it differs from the other GSC
stationary phases and consequently what it might tell
us about the interactions involved with the anionic
resin Dbackbone of RAmberlyst 215,

2As discussed above, problem 12X10 is a four factor
space; i.e., four interactions are involved between the
solutes and sorbents. The combination step in the TF2
may give us thebest sets of solutes and solvents which
best represent these four factors. Their identity may
provide some insight into the physical meaning of these
interactions,

For the solutes, the best combination set involved the
combination of hexane, cyclohexane, 2,2,4-trimethylpen-
tane and hexene. Thus, each of the different kinds of
solutes in the data are represented. The rms emor was
2.08 with the largest error being only 10.7. This com-
pares very favorably with the abstract.reproduction

error of 1,94 obtained for four factors in the repro-

duction step.
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Comparison of the best fifteen combination sets
shows correlations of the normal-alkanes (solutes 1-4)
and the cyclo-alkanes (solutes 6-8). These co::elations
were predicted in the uniqueness tests,

For the sorbents the best combination set included
the univalent and divalent K and Ca, and the two unique
sorbents Mg and PP. The rms error was 2,10 with the
largest error of 8.0. Correlations obtained by comparing
the best thirty combinations sets are the same as obtained
in the uniqueness steps. Two sets of univalent cation
resin forms: Li and Na; and K, Rb, and Cs, respectively,
correlate according to cation size, and all the divalent
forms correlate,

The pattern tables for combination of sorbents and
sdutes are listed in Tables 63 and 64. For four factors,
sorbent CP is represented in 100 percent of the 30 best
combinations with average errors less than 4.1 . Mg is
present in 60 percent of these combinations. As is
evident from Table 63, Mg may represent the third factor
while sorbent CP is perhaps the second factor.

Similarly, for the solutes, l-hexene is present in
69% of the best combinations and is most likely the
fourth factor. The branched alkane, 2,2,4-trimethyl-
pentane, is present in 60% of the best combinations

4and is most likely the third factor.

Correlations obtained from the pattern tables for

both the solutes and solventé are similar to those obtained



Table 63.Percentage of better reprodnctions jnvolving sorbent column

rs f X roble

Number of sorbent vector cofactors used in reproduction

Sorbent . e 3 - S
Li 11.1 6.7 18.2 36.7
Na 11.1 6.7 18.2 33.3
K . 11,1 20.0 18.2 30.0
Rb 11.1 26.7 18.2 30.0
Cs 11.1 20.0 18.2 23.3
Mg 11.1 0.0 54.5 60.0
ca 11.1 20.0 30.3 33.3
Sr 11.1 20.0 33.3 33.3
Ba 11.1 13.3 21.2 10.0
cp 0.0 46.7 66.7 100.0

Total number of
combinations 9 45 120 210

" (continued)

oce



Table 63, (continued)

Cutoff for better
reproductions

(RMS error)

Number of reproduc-
tions less than
cutoff

RMS error, abstract
reproduction

Best combination:
RMS error

“ Vectors

25,

13.0

13.4

15

5.0

5.5

Sro.C.P

33

3.4

4.1

K,Ca,CcpP

2.1

K’wMg‘l cal GP

Lece



Table 64.Percentage of better reproductions inyglxing solute column

r

e Nod L —2 3. -4
1 10. 8.3 32, 43.2
2 10. 16.7 21. 21.6
3 10. 20.8 24, 31.1
4 10. 16.7 22. 14.9
5 10. 0.0 15, 21.6
6 10. 20.8 17. 24.3
7 10. . 25.0 20. 18.9
8 10. 25.0 19. 21.6 )
9 10. 20.8 21. 31.1
11 0. 0.0 37. 59.5
12 0. 25.0 39. 48.6
19 0. 16.7 33. 68.9

rom 12x10

roblem

. Number of solute vector cofactors used in reproduction

8¢c

(continued)



Table 64. (continued)

Total number of
combinations 12

Cutoff for better
reproductions 20.

Number of repro-
ductions less than
cutoff 10

RMS error, abstract
reproduction 12.96

Best combination:
RMS error 13.6

Vector No@ 3

2 see Table59 for solute designations.

66

24

4.99

5.2
8,12

220

100

3.44

4.2

1,7,12

495

74

1.97

2.1
3,7.,11,12

6¢¢



on the uniqueness steps of the factor analysis (eg.,
cyclic alkanes correlate for the solutes),

Thus from the combination of solutes and solvent
vectors we find that the unique entities are represented
in the best combinations, together with a representative
of each of the different types of compounds, However, w
would like to be able to identify each of the factors
with physically meaningful vectors. This can be achieved

in the target transformations step.

230



231

D, Target Transformation

A total of 95 physical and chemical vectors were tested
(47 for the solutes, 48 for the sorbents) as well as their
squares, logs and reciprocals, Seventeen (7 for the solutes;
10 for the sorbents) were chemical vectors including unity

and correlation vectors derived from the uniqueness tests .

SORBENTS

Table 65 lists all the vectors which target transformed
well for the sorbents., No specific data vectors (such as
water content) were available for the various cationic
forms of the resins, However, since we are measuring the
effect of cation substitution on the resin we would expect
that cation data vectors (such as enthalpy of cation
hydfation) would test well. In general, this is the'case.
The effect of the resin backbone on the cation is proﬁably
nearly constant for all cationic forms.

Thus, as ekpected, ionic charge (oxidation number) is
an excellent vector, as are enthalpy and free energy of
cation hydration., Interestingly, the predicted value for
the ionic charge of the free-floated sorbent CP is -1.0.
This may relate to the presence of the -%i—o- functionality
in CP, However, the ionic size vectors (ionic radius,
volume, molar refraction) only tested fairly.

Patterns for some of the vectors seem to be duplicative,

For example, R and Pauling's electronegativity nearly



Table 65.Summary of selected target transformations for physically significant

sorbent test vectors for 12x10 problem,

four factors

Test vector

absolute electron affinity
electron affinity (ev)

electronegativity (Pauling)

enthalpy of cation formation |

enthalpy of cation hydration
entropy of cation hydration
free energy, cation formation
free energy, cation hydration
free energy, ion solvation
hydration number

hvdrated radii

ionic charge (valence)

ionic charge/radius96

Example
valuesa,
118, ££
.47,6.11
.93,1.0
-57..,-130
106,399
26,61
-63,-132
98,381
90, ff
1.5,5.2
1.86,1.06
1,2
1.03,2.02

Qualitative Value Functional
PointsP evaluationc for cpd - forms®
5 £ 34.9 (s)
6 £ -45.0 r
9 g 1.9 r
9 £ 110.2
9 f -156.1 (r.l)
9 g 30.7 (x)
9 £ 118.1
9 g -165.3 (r.1l)
5 £ 40.1
7 £ 7.04
9 g .43 r
9 v -1.
9 g 3.38 r,s, (1)
(continued)
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Table 65 (continued)

ionic mobility95
ionic molar refractionli03

ionic potential (polarizing
strength) 104

ionic stability ratiol04
ionic volume
ionic radius, crystal
rE
R'= R/charge
softness parameter(dpf’8
" " (°hp8
Li(l.),Na(l ),Mg(-1.)9
K(1 ),Rb(1 ),cs(1 )9
Li(l ),Na(l ),ca(l ).Sr(l ).Ba(l.

unity

43.5,ff
0.9,1.2

1.0.1.8
2.44,5.82
-6.6,-28.6
.97,.99
14.2,22.6
14;2,%2.3
.21,.18
.93,.09
1,0
0.0
)9 1,1
1.1

o wu

O VW O © YV YV Y v

O I R )
©o © o o

<« @ @ \w v \au g u

th

Fh

34.9 (s)
-1.72
6.39 r

-1.12 r.s,1
6.34

-1.8

-5.6 r,s

19.3

(continued)
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Table 65. (continued)

2 Example. test points are given for.Na-and Ca sorbents.

P Number of points on test vector.

C v=avery good agreement between test vector and predicted vector; g=good agreement;

f=fair agreement (several points poorly predicted or pattern only predicted).

Predicted values for free-floated Chromosorb P values,

€ Other functional forms of the vectors which target transformed well: r=reciprocal;
s=square; l=log. Forms in parenthesis target transformed only fair.

f R= IP(ry +rx )/ne? where IP is the ionization potential for eation m , Tm and

r, are the cation and anion radii, respectively, n is the charge on m and e is

tne charge of the electron}ﬂl

X

9 Correlation vectors based on results from the uniqueness test. All other values

"0", except CP which is free-floated.

pec
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duplicate mathematically the unity vector, and R'and Pearson's
softness parameter seem to duplicate the ionic charge vector.

Beside uniqueness vectors for the Mg and P sorbents,
three correlation vectors tested well. They are correlations
of a) K, Rb, and Cs; Db)Li, Na, Ca, Sr and Ba; and &) 1Li
and Na correlated negatively with Mg. Thus, correlations
derived from the uniqueness test do indeed target transform
well,

Unity is a very good vector. It is probably an overall
cofactor associated with the interaction of the solutes
with the anionic resin matrix., (As we shall see in the
combination of physical vectors, unity is associated
with the firét factor).

Most of the vectors which did not test well involved
atomic data (as opposed to cationic data). Unsuccessfully
tested atomic parameters included atomic weight, equivalent
weight, diatomic bond strength and molecular polarizability,.
Other vectors which tested poorly included: crystal bond
length, second ionization potential, magnetic susceptibility
of the chloride, enthalpy of formation, entropy of cation
formation, cube of the (Jenny and Pallman) ionic radius,
equivalent conductance, and polarizability.

Target transformations on the data set with sorbent
CP removed (set 12X9) (a three factor space) gives essen-
tially the same results as for the 12X10 problem. This
further substantiates the high uniqueness of Sorbent CP,

Column 5 of Table 65 lists the predicted values for
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the free-floated Chromosorb CP data points on each of the

target transformation vectors. For example, the predicted
value for the ionic charge of Chromosorb P is -1.0, as
opposed to the input values for all the other sorbents which
are all positive. This significantly demonstrates the
unique character of sorbent Chromosorb P. Chromosorb »

is predicted to be opposite in character to the other
sorbents,

Similarly, the predicted values for Chromosorb P are
significantly different for the following vectors: free
energies and enthalpies of cation formation and hydration,
electron affinity, hydrated radii, ionic molar refraction
and stability - ratio, R, and softness parameter O=pe
Since these vectors have no physical meaning for CP, the

free-floated values only serve to remind us that CP is

unique.
SOLUTES

Table 66 lists all the vectors which target transformed
well for the solutes. As expected (see Appendix B) molar
refraction, molar volume, enthalpy of vaporization, and
molecular weight are good vectors. Two carbon number
vectors also target transformed well. One vector (NC)
tested for the total number of carbons in a solute; another
vector (CN) free-floated the data points for the cyclic
and branched solutes (solutes 5-10)., Results from the

latter vector further verify the results obtained in the



Table 66 Summary of selected target transformations for physically significant

solute vectors for 12x10 problem, four factors

Test vegtor

Ot

boiling point (°K)9

carbon number CN

carbon number NC

critical volume€©

critical temperature (°c)d

enthalpy of combustion

enthalpy 6f vaporizationd
d (AHy) /dat

entropy of vaporizationd
melting point (°9K)

molar refraction

molar volume

molecular weight

Example
Yyalues?d
341,372
6,ff
6.8
'.37.,.47
234,ff

99, ff

6.9,7.4
~14,ff
92,101
178,166
299,393
132,166

86,114

12
6
12
12
9
10

12

10

11

12

Qualitat

H QO O W \Q

<

ive
c

Points® evaluation®

(continued)
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Table 66.(continued)

surface tensiond 18,18 12 g
viscosity _ .30, ff 6 g
cyclic uniqueness 0.0 12 £
alkene uniqueness _ 0,0 12 g
unbranched cyclic uniqueness 0.0 12 £
n-alkane + hexene uniqueness 0.0 12 v

8 Example values are given for hexane (solute 2) and 2,2,4-trimethylpentane (solute 11).
Number of points on test vector.

v=very good agreement between test vector and predicted vector; g=good agreement;
f=fair agreement: (several points poorly predicted or pattern only predicted);

u=equivalent to unity vector.

Square of the vector target transformed successfully. For critical temperature

and entropy of vaporization the agreement is only fair.

8tc
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gas—-liquid chromatography problems of the previous chapters,

Each branched methyl group is found equivalent to 0.8 carbon
numbers and a cyclic structure adds 0.6 to the carbon number,
Thus, a solute such as 2,2,4-trimethylpentane is predicted
to have a.carbon number of 6.8 (3 x 0.6 for the three methyl
groups plus 5.0 from the pentane chain).

As found in several factor analyses of retention
indices, the square of the boiling point (°K) target trans-
formed very well. Thus, this cofactor is significant
for both gas=liquid and gas-solid chromatographic systems,.
However, as we shall see and as noted in many of the GLC
problems, its importance in an overall model is shown to
be minimal en the combination step for GSC.

Structural and correlation vectors which tested well
included test vectors for unsaturation and cyclic uniqueness,
A vector testing for cyclic uniqueness, with solute 9, the
branched cyclic compound, free floated also tested well.

The following test vectors did not target transform
well: Doiling and melting points (all ©C), critical tem-
perature, critical pressure, dielectric constant, critical
density, critical value of PV/RT, density; refractiwe
index, free enefgy of formation, log of free energy of for-
mation, vapor pressure, log of vapor pressure, specific
dispersion, pressure dependence of the boiling point, al-
kane uniqueness, and branching uniqueness., Vectors testing
for entropy of vaporization, boiling point (°K), specific

refraction, and refractive intercept were too much like the

unity vector to furnish new information.
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E., Combination of Basic Vectors

SORBENTS

The best combination of sorbent vectors gave quite sa-
tisfying results, 2n rms error of 2.4 and a largest error
of 10,0 were obtained with the four vectors: unity, frere
energy of ionic solvation, electron affinity and R,

The free energy of solvation correlates well with ionic
mobility in the best combinations and in pattern tables;
this vector is probably equivalent to the fourth factor.

Unity is the significant factor (present in 100% of
the best combinations, all factors) and appears to be
equivalent to factor one. It accounts for the major
amount of variance in the data. This suggests that the
major interaction for the system is a common constant

property due to adsorption on the resin backbone,

SOLUTES

"The best combination of four solute vectors (without
the Van der Waals vectors) reproduced the original data
matrix with an rms error of 6.0; the largest error was
18.0. The best set included the carbon number vector (CN),
alkene uniqueness, critical volume and temperature depen-
dence of the enthalpy of vaporization., Comparing the best
20 combinations, the temperature dependence vector is

found also to be equivalent to alkane uniqueness or alkane +

hexane uniqueness.,
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The carbon number vector CN is the sigrificant vector
for the best 100 combinations, being represented in 82 per cent
for 4 factors, This is expected from the definition of
the retention index. The dominance of the vector shows
that the Qajor interaction is probably a dispersive
type related to molecular size,
The molar refraction and molar volume vectors’correlate
well together in the best combinations., This has been
found as well in the GLC problems (as explained in
Chapter V and VIII).
Pattern tables for the best solute combinations show

no definite results. Carbon numbexr CN and the square

of the enthalpy are likely equivalent to factor three.
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F, Prediction of Data

As described in Equation 30, the best set of cofactors
rym Ccan be used to predict new data. Using the column
matrix coféctors calculated from the TFA combination
step with that set in the factor space, we can predict
tke retention index, Iyyx, of new solute x on an original

sorbent k from the equation:

The only sorbent not included in our test set is
the Ag form of the resin. This was due to the unique
complexation of the Ag* ion with some of the solutes,
a totally new interaction that we would not expect to
be spanned by our best set of four factors., Thus
predictions on Bg would not be expected to be satisfac-
tory and indeed s .tempts to do so were unsuccessful.
However, predictions using the solute vectors to
obtain new retention index data for solutas on our
original sorbent set do give excellent results. Inserting
the values of the vectors; carbon number, alkene unique-
ness, critical volume and temperature dependence of the
enthalpy for any new solute, into the abowe equation
together with the column-designee matrix loadings associ-
ated with those vectors should give us the retention index

for the solute,
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For example, the retention index of 2,4-dimethylpentene
on Na is 647, We can estimate the carbon number for this
solute using the rules formulated earlier., Each methyl
group is assigned a value of 0.8 and the pentyl skeleton
has a value of 5.0. Thus the carbon number of this
solute is 6.6, It is obviously not an alkene and therefore
the alkene value is 0.0. The values for the critical
volume can be estimated from available data for similar
solutes by noting that each methyl group contributes
approximately 0.5 to the value. The critical volume
of 2,2,4-trimethylpentane is 0.47 1/m and therefore
the value for our solute is estimated as 0.41 1/m,
Similarly the temperature dependence of enthalpy is
estimated as -13.7 cal/®°m. In Table 67, is listed the
calculated column matrix. The coefficients in matrix[C]
for Na are 72.39, 70.81, -3.08 and 313.4,

Inserting these values into equation 64 dives
the predicted value I*, for the retention index:

I* = (72.39):(6.6)+(70.8)+ (0.0)+(=3.08)* (-13.7)+
(65)

(313.4)+« (0.41) = 648.0
well within expexrimental error.-of the reported value 647.
Similarly, for this same solute on the unique sorbent
CP the equation becomes:
I*= (101.6) (6.6)+(107) (.0)+(.355)(~13,7)+(10.07) (.41)=661.6

(654)
The reported value is 663,



Table 67.Column matrix for best combination of basic sorbent vectors

- Sorbent?
Factor Li Na K Rb Cs Mg Ca Sr  Ba PP
1 72.89 72,39 70.34 69.82 73.13 55,37 57.73 60.03 62.93 10l.6
2 69.55 70.81 46.03 51.07 35.52 61.71 105.8 98.21 86.71 -107.4
3 -3.02 -3.08 =-1.17 -2.25 -,654 -9.37 -8.40 -7.48 ~-6.25 .355
4 311.1 313.4 437.2 396.8 414.3 328.9 319.6 323.3 327.8 -=10.1

a See Table $9for sorbent designations.

vve
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Predictions for an alkene solute, l-actene, are almost
as good. We can estimate, as above, wlues for the enthalpy
temperature dependence and critical volume for solute 1—
octene, The critical volume, for example, is estimated
by comparing the free-floated values for solutes l-hexene
(0.37) and l-heptene (0.44) obtained in the target trans-
formation step. Addition of one methylene group to 1l-
hexene adds 0.07 units to get the critical volume of 1-
heptene. Thus, the critical volume of l-octene can be
estimated as 0.44 + 0.07 or 0.51 units. Similarly,
the temperature dependence of enthalpy for l-octene is es-
timated as =10.6. The carbon number is 8.0 and the alkene
uniqueness is obviously 1.0.

Predicting then the retention index for l-octene on

Na, we find:

I*= (72.39)° (8.0) + (70.81)¢ (1.0) + (-3.08) :(~-10.6)

(66)
(313.4)«(0.51)= 841.8
The column designee coefficients are the same as those
above. The reported value is 853.
‘8imilarly, for sorbent CP:
I*= (101.6)- (8.0)+(~10.7)+(1.0) + (0.355)«(-10.6)+
(66a)

(-10.07)(0.51) = 793
The reported value is 791l.
Thus, our designations for the physical meaning of

the cofactors are quite valid and useful for prediction.
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G. SUMMARY

In summary, target factor analysis has provided us
with the number and identity of the solute and solvent
parameters in agas-solid chromatography problem. Repro-
duction and uniqueness tests show the expected unique
ineractions of the Ag+ ion due to complex formation,
as well as the extra interaction associated with
aromatic compounds.

For a representative 12X10 set, four factors are
sufficient to span the data space. Combination of
vectors from the data matrix associates these four
factors with representatives of each of the solute
or sorbent classes, The wmlutes are associated with
normal, cyclic and unsaturated and branched contribu-
tions., The sorbents are associated with univalent
and divalent cation resin forms as well as the two
unique sorbents: Mg and Chromosorb P.

Parameters which tested for the sorbents included
Pauling electronegativity, entropy and free energy of
cation hydration, ionic charge, hydrated radii, ionic
charge/radius, and Pearson's softness parameter;
Chemical vectors which gave good transformations inclu-
ded Mg and CP sorbent uniqueness vectors and two correlaton
vectors obtained from the uniqueness test,

Molar refraction, molar volume, enthalpy of vapo-

rization and boiling point squared were good solute
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physical vectors. Chemical solute vectors which transformed
well included two carbon number vectors and unsaturation
and cyclic uniqueness vectors,

The best set of physical vectors found in the final
combination step may be associated with theoretical in-
teraction terms as described in Appendix B, Thus for the
solutes, vectors for carbon number and critical volume
may be associated with dispersion terms; alkene
unigueness and enthalpy temperature dependence with dipole-
dipole interaction térms, Similarly, for the solvents,
the dominant vector, unity, accounts for adsorption by the
resin itself, wﬁereas the other vectors account for inter-
action of the counter ions with the solutes,

As a final test of our solution, very good predic-
tions for new solutes on two of the original sorbents

in our sample problem are obtained,
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Appendix A
TARGET FACTOR ANALYSIS OF ION EXCHANGE

EQUILIBRIUM CONSTANTS

Introduction

Ion ekchange resins are widely used in research
and industry. However, the theory of ion exchange inter-
actions still requires an all-encompassing treatment.
What factors are responsible for the resin's preference
for one ion aver another? In thisappendix we will dis-
cuss the target factor analysis of a data matrix con-
taining ion exchange equilibrium constants for 20

cations on Dowex 50 resin,

Theory

A typical cation exchange may be represented by

the following equation:

a*t + B'R"=2 B" + aTR” (67)
where cations A and Bt in solution are exchanged with
counter ionsin the resin, BTR™ and A+R-_3l

The equilibrium between ion exchangers and solutions
has been the subject of numerous experimental and theo-

retical investigations, Various models of the ex-

change have been proposed,31 each model satisfactory in
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some respects, but no model adequately explaining the
ion exchanger process in all aspects.

Ion exchange equilibrium is attained when an ion
exchanger is placed in an electrolyte solution containing
a counter ion which is different from that in the ion
exchangex. The selectivity of an ion exchanger describes

the preference of the ion exchanger for one counter ion

over another counter ion. Quantities such as separation
factors, selectivity .coefficients and distribution
coefficients have been used to quantify the ion exchange
equilibrium.

Theoretically, the thermodynamic equilibrium constant,

This is defined by:

-RT 1ln Kg

AGP is the standard free energy change for the ion ex~-

A
Kg, is used.

AGC = (68)

changer. 1If electrolyte sorption and changes in swelling
of the ion exchange resin are neglibible, the thermody-

namic equilibrium constant can be related to the acti-

vities of the ions by:
-~ 1zZ_1 [Z 4|
B A
Kg = aA aB ’ (69)
- 1Z,) N 121
B A
where ay, ag, EA, and ag are the activities of counter

ions 2 and B

exchange resin, respectively, and Zn

in the solution and within the ion

and Zg are the
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charges of the respective counter ions.

Factors associated with selectivity mey include:
counter ion charge, ionic solvation, - swelling pressure,
sieve action and specific interactbns such as ion pair
formation, electrostatic attractions and London inter-
actions.

We may define individual hypothetical equilibrium
constants K_ and KB for each counter ion to represent
the free energy change for each counter ions interaction

with the ion exchanger resin, For A—>»2R,

o _ _
NG a = ~RT 1n K, (70)
and for B—”BR,
o _ _
AG 5 = RT 1n KB (71)

Thus for the equilibrium reaction A + BR—$»AR + BR:

A 2 .
AG, = -RT In Ky (72)
and
1n KA = 1ln K - 1n K (73)
B A B
where
2 K
KB = T{A (74)
B

Thus the rational equi;ibrium constant for the ion ex-
change process can be rewritten in terms of the quotient
of the individual equilibrium constants for cations
A and B.

The equilibrium constant for any counter ion exchange

can be calculated from the equilibrium constants for
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the exchange of that counter ion with a third counter ion.
For example, the equilibrium constant for the exchange

. Li . . o .
of H and Li, Ky s can be written in terms of the equili-

brium constants for the exchanges of Li and Na

(Kga and Kﬁ?).

KLi
Li
K = H (75)
H Na
K_.
Li
In general,
B K
Kp = A (76)
C
K
B

W h

This "triangle" rule allows us to set up an ion selecti-
vity where the exchange of all ions is expressed relatiwe
to one of the ions, The affinity of a lithium ion to a
resin has been arbitrarily assigned a value of unity.96

211 other ion affinities are then expressed relative to

lithium according to the "triangle" rule,
Data

Bonner and Smith91 experimentally determined the
rational equilibrium constants for twenty univalent and
divalent cations on Dowex 50 X4, X8, and X16 resins,
These three resins differ only in the degree of divinyl-
benzene content: 4, 8 and 16 percent, respectively.

The equilibrium constants were corrected for the

ionic strengths of the solutions. The data were reported
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in the form of a selectivity scale with the affinity
of each ion for the resins based on a lithium affinity
of unity. The data are tabulated in Table 68,

The data were converted to a data matrix of equili-
brium constants for the 20 ions using the triangle
rule. Thus three 20 X 20 data matrices were generated
for the three Dowex 50 resin forms. The data matrix
for the X8 form of the resin is tabulated in Table 69,

The data matrices were then subjected to target factor
analyses., The data were transformed to the log since the
log of the equilibrium constant is related to the free

energy of the ion exchange (Eg. 68).

Results and Discusgion

Results were equivalent for all three resin forms.
From Equation 73 we expect the data to be a two factor space,
each factor then being related to the individual ionic
equilibrium constants Ky and Ky. Mathematically, the
factor space must be equal to two since the data was
generated using the triangle rule as above, As anti-
cipated, with two factors the data matrix is reproduced
exactly.

Since each column of the data matrix is equivalent
to a selectivity scale of all ions relative to the column
ion, we expect that all possible combinations of the ori-

ginal columns using two columns should reproduce the



Table 68. Selectivity Scale for Twenty Cations on Dowex 50°

Cation

L

Na
NH

Rb
Cs
Ag
Tl
va,

Zn
Co
Cu
Ccd
Ni
Ca
Sr
Pb
Ba

a
Data from reference

4% DVB

1.00
1.32
1.58
1.90
2.27
2.46
2.67
4.73
6.71
2.36
2.95
3.13
3.23
3.29
3.37
3.45
4.15
4.70
6.56
7.47

91.

8% DVB

1.00
1.27
1.98
2.55
2.90
3.16
3.25
8.51
12.4
2.45
3.29
3.47
3.74
3.85
3.88
3.93
5.16
6.51
9.91
11.5

16% DVB

1.00
1.47
2.37
3.34
4.50
4.62
4.66
22.9
28.5
3.34
3.51
3.78
3.81
4.46
4.95
4.06
7.27
10.1
18.0
20.8

253
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Na

Rb
Cs

Tl

Ca
Sr
Ba
Co
Ni
Cu
Zn
Cd
Pb
Uo7

Table 69 {continued)
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original data matrix exactly. All possible combinations

of typical vectors had root mean squared errors less than
two percent (this error is probably due to round-off
errors) .

No cations were truly unique as determined in a
uniqueness test. Hydrogen (uniqueness value=0,19),
lithium (0.26), thallium (0.21), barium (0.19) and lead
(0.16) exhibited slight uniqueness, Two sets of cations
seemed to correlate in this test: hydrogen-lithium and
silver-thallium-barium-lead.

We have in this system a unique opportunity to study
the factoxfs) directly related to an ion's affinity to
a resin (KA or KB). Therefore, target transformation can
provide us with an ideal tool to determine the real
physical factor related to the individual ionic
eqﬁilibrium constants,

Eleven target vectors target transformed with good

fits. They are listed in Table 70. Equation 73 can be

rewritten:
1n KJ}; = (unity)y ln Ky - In K (unity), (77)

where unity is the cofactor for each ionic equilibrium
constant. Thus, the unity vector should best represent
one of the cofactors. Eight of the vectors which
target transformed well are related to ion-water interac-

tions, 2 correlation vector obtained from the uniqueness

test also transformed well.



Table 70. Vectors which target transformed well on Dowex 50X8 data matrix

Designation Description Typical values?®
cv correlation vector? -1,1
DGI free energy of solvation 24 -273,ff
DHC enthalpy of solvation - calculatea 24 -277,££f
DHI enthalpy of solvation 24 -146,£f
ED energy of dissociation 3 73, ff
HR hydrated radii 2% 3.4,
HRP hydrated radii - Pallman 2© 7.3, ff
Ic limited ionic conductance 27 38.6,ff
IM ionic mobility 93 33.5, ff
UNI unity ' 1,1
WU resin water uptake 91 211,122

@ Values given for Li and Ba resin forms; free-floated values are
designated by ff.
CV obtained from uniqueness test: Values for H,Li =-1.0; T1,NHy,Ba,Pb = 1.0;
all other resin ionic forms = 0.0,

86¢C



Most of the parameters tested poorly, as shown in
Table 71, including: ionic volume and charge, hydra-
tion number, ionization potential and softness, Many
of these vectors are related to ionic hydration and
would be expected tole important in the dehydration
of an ion in the ion exchanger.

The effect of ionic charge was also tested by factor
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analyzing the univalent and divalent portions of the data

matrices individually (i.e,, 9 X 9 ard 11 X 11 matrices)

The results were equivalent to the factor analyses results

on the total 20 X 20 matrix, indicating that ionic

charge is not a factor.

Combination of the eleven target vectors which trans-

formed satisfactorily resulted in 17 combinations with
RMS errors less than 2%. They are listed in Table 72.
As expected from Equation 77, unity is represented
in the four best combinations. However, almost as valid
reproductions are obtained without unity as a cofactor.

We can rewrite Equation 73 in the form:

A
In KB = kAFA + kBFB* (78)

where cofactor FA and FB are related to the equilibrium
A
constant Kp by factor loadings kA and kB. Thus, for

example, the physically meaningful analog of Equation 82
would be:

In Kﬁ = kp (Baissociation)A B

+ k_ (hydrated ratio) (79)



Table 71.

Vector
type

Vectors which did not target transform successfully for the
ion exchange data matrix

Vector description a

Elemental

Ionic

88 88 88

; atomic radiid5; boiling point88; density

energy of dissociationgs; entropy at 298°K88; entropy of melting88; entropy

of vaporization88; heat capacity88; heat of meltinan; heat of formation88

heat of vaporization88; heat of vaporization constants88; magnetic

susceptibilityaa; polarizabilitygs; molecular bond length88; bond

strengthB8; molecular polarizability98.

atomic weight™"; atomic number

i

crystal radii (3)88'99'1007 charge/bolumelOl; charge/rad¢i96; desolvation

102,107
energy98; Edward's o and f998; EO 95; electron affinity (3) :

electron density104, —average104; electronegativity (Pauling and from

stability ratios) (6)104.103,95, —cation104; EK105; EKHlOS; entropyloo;

102 109

equivalent conductance (2)88'106‘97; Em ; excess polarizing strength :

free energy of sublimation103; formation-enthalpy, entropy and free

energy (4)88.103, hydration - enthalpy, entropy and free

108
energy (12)107'97'102’95’99; hydration number(6)94'3l'95' : hard and

soft acidity98~ ionic Bn107; idealized energy density94; ionization potential -

’

9



Table 71. (continued)

a

first, second and third (in volts and kcal/gm) (7)88'105'103; -average104;
K696; magnetic momenthB; magnetic susceptibility of chloride88; |

maximum electron storage density94; metal claslel; mobilitygs; molar
refraction-Fajanle3; molar volume -~ conventionalloo, ionicloo, crystalline

and ionic crystallinelOO; NMR ionic coefficients (4)97; partial molar
heat capacities; polarizabilityloz'ga'103: potentia1102'103; radii

-hydratedloz'103,—unhydrated95; R' 101, Rr» 101; relative affinities

of ligand atoms (4)98; size96; softness parameters (3)98; solvent

isotope effects in hydration (3)97; stability ratiolO4; SX(cosphere

numbers) (2)27; themmodynamic potential®4; viscosity'°?; water

1

uptake of cationic resin9©,

Values in parenthesis are total number of different vectors with

same designation.

19¢



Table 72.Best combination sets of physically significant vectors for Dowex 50X8

) . a rms ESI'OI Combi ) a rm}s{lgggor

ED UNI 3.66 DGI IM 6.52
DGI UKI 4.14 - DHC DHI 6.57
DHC UNI 4,27 DHC IM '6.58
HR UNI 4.80 ED IC 7.19
ED HR 5.35 DGI HR 7.33
DHI ED 5.70 ED iM 7.38
DGI IC 6.32 DHC HR 7.49
DHC IC 6.38 DHI UNI 8.61
DGI DHI 6.41

See Table 71 for vector designations.

29t
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if we use the fifth best combination set. Using TFA; we
can express the solution in many different, though mathe-
matically equivalent, ways.

Thus, the combination step obtains the best represen-
tative vectors of K

p2)
of real vectors that represent the rational equilibrium

‘and KB and also the best combinatim

constant for the entire ion exchange equilibrium.

Summary

Target factor analyses of a data matrix containing
rational equilibrium constants for twenty univalent
and divalent cations has succeeded in obtaining real
physically meaningful vectors that best represent the
rational equilibrium constants, In addition, we have
succeeded in separating the equilibrium constant into
a sum of two ionic equilibrium constants each related to
the free energy change for an ion in the ion exchanger and
free (solvated) form. These include the energy of dis-
sociatbn for an ion, hydrated ionic radii, and enthalpy

change of ionic hydration.



2ppendix B

INTERMOLECULAR FORCES

Equilibrium distribution in chromatography is
determined in large measure by the forces between mole-
cules in each phase--the molecular interactions. These
interactions are interrelated to the chemical struc-
tures of the interacting moleculss,

The net energy of interaction, Eij' between 2
adjacent non-bonded atoms, i and j, is the sum of

. 45,92
both attractive and repulsive forces: 3¢

A 2B

Eij = I - — (80)
r r
where r is the distance separating the nucleii of i and
j and A and B are constants for a particular i and j
pair. This equation identifies one major repulsive
interaction A/r12 and several attractive interactions,
The equilibrium separation, re, is determined mainly
by the repulsive term. The interactions at equilibrium
can be regarded mainly as a function of the attractive
term,
The attracti ve term. includes

a) Dispersion. or Londen forces, (Eij)d, expressed by

I:1I-
(E, = =3 iYj i Xy (81)

.= =3
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I, and Ij refer to the first ionization potentials of atoms

i and j and i and &Xj are their respective polari-

zabilkties.

To a good approximation

(By)g = =3 1o’ 1i=i (82)
8 ré r®
i J

The total dispersion energ% Edlcan be shown‘}5 by

integrating over all volume elements and all atoms,to be:

R T2 dv Otv 4
Ed C Vi (e )i (e )j 83)

where C" is a constant, Vi is the molar volume of com-
pound i and eV is the electron polarability per unit

volume,

V .
&Xo" is related to the refractive index n of the

compound by the Lorentz-Lorentz Equation:

n2 ~1 (84)

oV
He =3 TN T

n

where N is Avogodros' number, Consequently, & is
also related to the molar refraction.
According to the Hildebraﬁd rule,AHv, the heat of

vaporization, closely parallels T the boiling point.

b'

Thus, a plot of T or A Hy wvs. Vi would show good cor-

b

relation for non-polar and slightly polar compounds.
_ - 2

T, correlates better however with V, 37;%) (see

Reference 45, pp 37-39).
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b) Electrostatic Dipole Interactions - Keesom forces:
Where both molecules have permanent dipoles, the

average net energy (Eij)o from dipole orientation is:

=9 =5
(E, 2R By

ij'o (85)

3kTr®

where.ﬁ:i and ﬁj are the permanent dipole moments of adja-
cent molecules, k is the Boltzman constant, and T is the
absolute temperature. Equation 85 is derived for a
dilute gas, In the liquid phase, however, some observers
45

i. Ilj -

Interatomic distances do not vary greatly for differ-

suggest that (Eij)o is directly propertional to i

ent pairs of adjacent atoms. Therefore to a good approx-

imation:

/2

1
r = (ri + rj) 2z 2 (ri rj) (86)
Applying (7) to (6):
2 _2
A A,
(E. .) =—%—E,%, i, i (87)

o
—
(0]
Lat
-

W
HJ

J.

¢) Electrostatic Dipole--Induced Dipole Interaction
(Debye Interéctions):
A molecular with a permanent dipole moment will
induce temporary dipoles in adjacent molecules., The
attractive energy (Eij)i from these dipole-induced

dipole is:

= 2
(B;.). = pi O‘ (88)
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When both molecules possess dipole moments the total induc-
tion interaction is:
_ A2, B2 =

(E, ), = J j 1 (89)
i1 5

Applying (8) to [gg) and (89):

2
g, &
-1 M 3
(5o = 73 = (90)
. Y.
L J
522 oca 2
(Elj)o -t Z1 —§1 -~ 1 _%_ fii. (91)
2 3 3

Pecause the intermolecular interactions actually
apply to individual functional groups of a molecule
the overall molecular dipole moment may not correlate
well with the interactions. Equations 88-91 actually
apply to individual bond dipoles rather than to the
molecular dipole moment, which may be the aggregate

of dipoles which cancel @ach other out,.

d) Hydrogen Bonding or Electron Donor-acceptor Reactions
The interaction energy, E,j, of various acid-base

interactions can be expressed as
* *
Eap = Ea Ep + Cay Cp (92)

* *

where Ea and E, measure the hard (electrostatic) acid
*

and base strengths of a given molecule and Ca + Cb* are

corresponding measures of soft (covalent) acid and base
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strengths. Pearson’> has provided a qualitative theory
of hard-soft interactions. Hydrogen bonding is a rela-

tive hard acid-base interaction. Selectivity in ion

exchange seem to be governed by the criterion of

) . ] 45,91
hard vs. soft interactions.

The total energy of interaction,.Eij. of a molecule,

i, with a surrounding phase, j, is the sum of all possible

interactions.

Eij = Egq + By + By + Egy (93)

From Equations 82,83, 87, 90, 91 and 92, E can

ij
be divided into a solute-solvent product form suitable

to a TF2 treatment. Thus,

2
- - - 2
E,.=0C" V. (RYy, * &%) + _1 _Mi * My +

lJ 1 e’ 3 e ] 3kT ri3 r;j

-2 : *

SR R S-S N I S (94)
2 3 r% '
i 3

As shown, the main factors which should control the
interaction energy include: molar refraction, molecular
size and polarizability of solute (dispersion interaction),
molecular polarity of solute and solvent (electrostatic
interactions) and the electron donor acceptor properties
of solutes and solvents. These vectors should provide

suitable target transformation vectors in a real system,



269

Appendix C

Data for MC33 and MC53 problems
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0.8840E
TT0L1071E
0.1197E
0.1366E
0.1445E
0.8560€
0.9460E
TT0.1034E
0.1029E
0.9920E
O 1144
© 0.l1l110E
0.1092€¢
T 0.1073E°
0.1022E
0.1254E
T 0.122387
0.1081E
0.1360E
T 0.146%E
0.1408E
0.1249E
TT0.1382€
0.1161E
0.1184F
"0.9380F
0.1044E
0.1251€

03
03
03

03

04
03

03

04
04
04
03
03
04
04
04
04
03
03
04
04
03
04
04
04

04

04
04
04
04
04
04
04
0%
04
04

04"

03

04
04

N .0
0.5560E 03 0.7530E
0.6740E 03 0.8660F
0.7810E 03 0.9650E
0.7400E 03 0.9140E
0.8900E 03 0.1077E

~ D.8440E 03 0.1022E
0.7600E 03 0.9120E
0.9910E 03 0.1179E
0.1092E 04 0.1281€
0.1123E 04 0.1299E
0.7030E 03 0.9110€E

~0.7650E 03 0.9550F
0.9020F 03 0.1139E
0.1036E 04 0.1250¢
0.1208E 04 0.1409E
0.1218E 04 0.1500E
0.7020E 03 0.9090E
0.8020E 03 0.1001E

" 0.8880E 03 0.1083€¢
0.8840E 03 0.1077E
0.8540F 03 0.1042E

"0.9910FE 03  0.1192E
0.9700E 03 0.1156F
0.9460E 03  0.1133E

"0.9340E 03 T 0.1117E
0.8990FE 03 0.1073E
0.1095E 04  0.1293E
'0.1069E 04 0.1257¢
0.9550E 03 0.1110€F
0.1197€ 04 _ 0,1397E_

"0.1297E 04 0.1494E
0.1256E 04 0.1437E
0.1059E 04  0.1326E
"0.1169E 04 0.1433F
0.1009E 04 0.1241€
0.1016E 04  0.1234E

" D.B420E 03 0.1094F
0.9340F 03 0.1178E
0.1062E 04 0.1340E

04

03

03
03
03
04
04
03
04
04
04
03
03
0173
04
04
04
03
04
04
04
04
04
04
04

04

04
04

04
04

04

04
04

04

04
04

04

04
0a
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0.4250E 03
0.5480E 03
0.6500E 03
0.6150E 03
0.7590E 03
0.7180E 03
0.6470E 03
0.8620E 03
0.9610F 03
0.1005E 04
0.5530F 03
0.6310FE 03
0.7350€ 03
0.8870E 03
0.1059E 04
0.1021E 04
0.5510€E 03
0.6560E 03
0.7480E 0%
0.7510E 03
0.7160E 03
0.8510E 03
0.8380F 03
~ 0.8100E 03
0.80Ll0E 03
0.7680E 03
_ 049520 03_
0.9380F 03
0.8390E 03
_0.1056E 04
0.1151F 04
0.1127E 04
...0.8790E 03
0.9840EF 03
0.8510FE 03
0.8660E 03
0.6720E 03
0.7710E 03

0.8780E 03



e QL R . ..
A2 ¢ 0.5730E 03 0.7193% 03
A3 0.6770E 03  0.Bl533E 03
A4 _0.7730E_03_ _0.9210E 03
AS 0.7270E 03  0.8B40E 03
Ab 0.8810E 03  0.1034E D&
T AT 0.8290E_03  0.9910E 03
A9 0.7430E 03  0.%210E 03
Al0 0.9860E 03  0.1146E 04
T ALY 0.1086E 04 0.1246C 04
aAl2 0.1126E 04  0.1293F 04
Al3 -0.6950E 03 0.8380% 03
7 Al4 0.7590E 03 0.337JE 03
AlS5 0.9022E 03  0.1288E 04
Al6 0.1041E 04  D.1214E 04
TUTTALTTT 0.1209E 04 . 0.1395% 04
AlS 0.1221E 04 0.1427E J4
K1 0.6900E 03  0.8950% 03
TTTTR2T _ 0.787)E 03 0.9800E 33
K3 0.8750E 03  0.1070% 04
K4 0.8800E 03  0.1036F 04
TTUTKRSTTT__0.8370E 03 0.10%2E D4
K6 T 0.980JE 03  D.1132% J&
K7 0.9610E 03  0.1ll4lE 04
TTTTTKETTTT 0.9330E 03 0.1140EF 04
K9 0.9170E 03  0.1125% 04
K10 0.8T7T80E 03  0.1095E J4
TTTTRILT 0.1085E 04 0.1285E 04
. K12 0.1)68E 04 0.1253E 0%
K15 0.9440E 03  0.1132E 04
TTTTK1e8T . 0.11B8BE 04 0.1396E 04
K17 0.1293E 04 0.1501E 04
K18 '0.1253E 04  0.1443E 04
Ki9 0.1048E 04 0.1257E 04 _
K20 0.1163E 04 0.1379t 04
K22 0.9950E 03  0.1185F 04
T K247 0.1009E 04  0.1219t 04 _
K25 0.7950€ 03  0.9890F 03
K26 0.8930E 03  D0.1083FE J4
K27 0.1046E 04  0.1257E 04
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