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In a two part thesis, studies were made of two

different types of structure-activity relationships.

The first part consists of the synthesis and biological

evaluation of a number of 4-substituted pyrazoles and

isoxazoles as inhibitors of liver alcohol dehydrogenase.

In an effort to better define the steric and electronic

effects of substituents, the inhibitory potencies of the

compounds were determined in vitro, and these were

correlated with the lipophilicity parameter IF and with



several steric and electronic substituent constants.

Lipophilicity showed the most significant relationship

with activity. Electronic terms were less significant,

but a consistently negative slope coefficient for these

terms suggests that a positive charge develops on the

pyrazole ring during interaction with LADH, which is not

consistent with a previously proposed anionic

intermediate.

In the second part of the thesis, retrospective

research was performed to determine the usefulness of

fragment and whole-molecule molecular connectivity (MC)

indices in the multivariate classification of drug

structures. Initially, using a template method of

position assignment, a number of diphenylmethyl-based

compounds from a previous study were examined using

linear and quadratic discriminant analysis. Relative

molar refraction was compared with several fragment MC

values as descriptor indices. First order fragment MC

was found to be the most useful descriptor of those

examined, and this was verified in a second study using a

number of steroids classified into five therapeutic

categories. In a third study, these steroids were

examined using a number of pattern recognition techniques.

It was concluded that there was no advantage to the use

of pattern recognition techniques over discriminant

analysis, especially since stepwise variable selection is

available in the latter.



Finally, using a composite of the structures that

had been studied, a comparison was made between the

recently introduced SIMCA method of modelling and

classification, and conventional discriminant analysis.

Simple and valence whole-molecule MC indices were used as

descriptors to avoid the problems of position assignment.

The original sample classification results were similar

using both techniques. When a holdout-by-four method of

validation was performed, linear discriminant analysis

gave better results than either SIMCA or the quadratic

discriminant function. This reflects the effects of

small sample sizes on the latter two methods. A comparison

of the canonical discriminant function values and the

principal component scores from SIMCA as predictors of the

quantitative potencies of a number of androgens was

made, and higher correlations were found with the

discriminant function values. This evidence again

suggests that no advantages are gained by using techniques

other than discriminant analysis, although

more experience with pattern recognition methods is

necessary to be certain of this conclusion.
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ABSTRACT

In an effort to better define the steric and

electronic effects in the inhibition of liver alcohol

dehydrogenase by 4-substituted pyrazoles, a number of

alkoxy and aryl derivatives were synthesized and tested in

vitro. A few 4-substituted isoxazoles were also tested.

Conventional and nonparametric estimates of the inhibitory

potencies, log 1/K1, were calculated, and these were

correlated with Tr and with several steric and electronic

substituent constants. By including indicator variables,

data from other studies could be included, and corrections

were made for the enzyme system and for the type of

compound studied. The isoxazoles were found to be about

10 000-fold less potent inhibitors than the corresponding

pyrazoles, and aromatic substituents caused a 15-fold

decrease in activity below predicted levels, presumably

because of steric interactions. Lipophilicity showed by

far the most significant correlation with activity.

Although the electronic terms were less significant, the

presence of a consistently negative slope coefficient

implies the development of a positive charge on the

pyrazole ring during interaction with the enzyme.
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INTRODUCTIJN

In spite of the widespread illicit consumption of

narcotics, stimulants, tranquilizers, and other

centrally-acting agents, alcohol is still the drug of

greatest abuse. Recent popular reviews have underscored

the increasing incidence of alcohol use by the very young,

as well as the steep rise in the abuse of alcohol-drug

combinations (1,2). In an effort to understand and perhaps

stem the problem of alcohol abuse, much research over tne

last two decades has been directed at the study of liver

alcohol dehydrogenase (LADH, E.C. 1.1.1.1), which is tne

first and major enzyme in the metabolism of alcohol (3).

Since many of the damaging physiological effects of chronic

and acute alcohol intoxication arise primarily as a

consequence of the oxidation process and not as a result of

the ethanol itself (4), considerable effort has been

devoted to tne study of inhibitors of LADH which are

competitive with ethanol and thus are able to reduce its

oxidation (5-7). Theorell, who pioneered much of the study

of LADH (8-11), expressed the opinion that inhibitors of

the enzyme might be useful to help combat the damage caused

by alcohol ingestion (12), or even to reduce the amount of

alcohol consumed (13,14). The most potent

ethanol-competitive inhibitors to date are derivatives of

pyrazole (I) (5,12). Pyrazole itself has been tested in
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animals to prevent the effects of poisoning due to methanol

and ethylene glycol (15) . The greatest drawback to the

clinical use of pyrazole is its hepatic toxicity (16).

I

The nature of substrate and inhibitor binding to LADH

has been studied at the molecular level using x-ray

crystallography (17), and more recently, computer-assisted

techniques have facilitated the modelling of the

interactions (18,19). Such studies are valuable for

determining the conformational requirements of the enzyme,

but of greater importance for the design and study of more

potent inhibitors are quantitative structure-activity

relationship (QSAR) studies which can define the

relationships between inhibitory potency and a variety of

steric, electronic, and lipophilic substituent effects.

In perhaps the earliest report of an SAR concerning

LADH, Tsai reported some qualitative correlations involving

the relative potencies of some primary alcohols as a

function of electronic properties and carbon number (20).

That report concluded that lipophilicity and electron

donation enhanced activity. Later, in studies on the

QSAR's of some benzamide, carboxylic acid, and alcoholic
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inhibitors of LADH, Hansch concluded that lipophilicity is

of greatest importance, and again, tnat electron donating

substituents enhance the binding of small molecules to the

active site of the enzyme (21,22). All of these

conclusions are reasonable in view of what is Known about

the structure and mechanism of LADH. The enzyme possesses

a Zn
2+ ion at the active site, which binds to an

electron - ricn portion of the inhibitor or substrate

molecule. Also, a deep hydrophobic cleft which bisects the

LADH subunit is available to anchor lipophilic substituents

(17).

In the case of pyrazole, the importance of

lipophilicity at the 4-position of the molecule is clear

from some qualitative observations of Theorell (5), and

from in vivo studies with isolated hepatocytes (23). Also,

it is known that N1- substituted pyrazoles, which cannot

lose a proton, and 3(5)-substituted pyrazoles, which are

presumably sterically hindered, are not potent inhibitors

of the enzyme (5) . The inactivation of LADH by some

3-(w-chloroalkyl)pyrazoles has recently been reported by

Fries (24). These agents apparently alkylate sulfhydryl

groups near the active site, and are effective only at

fairly high concentrations, again a reflection of steric

hinderance at position 3.

Unlike lipophilicity, the role of electronic effects

in 4-substituted pyrazoles is not as clear. The steps
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involved in the attachment of pyrazoles to the enzyme-NADI-

complex would be expected to snow opposing electronic

sensitivities. The loss of a proton from pyrazole, which

2+
may be assisted by the Zn -H20 couple, should exhibit a

positve reaction slope parameter P, since this step would

be aided by electron withdrawal (25). In contrast, the

interaction of pyrazole with NAD
+ would be aided by

electron donating substituents and should show a negative p

value (Figure 1).

Largely as a result of correlations between the

various independent variables, or due to a poor spread of

values, the equations which can be derived to explain the

QSAR's of 4-substituted pyrazoles which nave been studied

in vitro show much less significance for the steric and

electronic effects, than for lipophilicity. Using the

compounds reported by Dahlbom (12) and Theorell (5) (Table

I), the following equations can be obtained from a

best-subsets analysis (26):

Log 1/K1 = 0.7347 + 6.893 (1)

std. err: (0.224) (0.333)

n = 11, r = 0.738, s = 0.540, F(1,9) = 10.78, P=0.0095

Log 1/K
I
= -1.777a + 7.849 (2)

std. err: (0.942) (0.205)

n = 11, r = 0.532, s = 0.673, F(1,9) = 3.56, P = 0.092

Log 1/K1 = -1.634am + 7.964 (3)

std. err: (1.081) (0.229)



Table I. Pyrazole Inhibitors of LADH.a

R

Tm
s

Log 1/K
i

Ohs.
Log 1/K.
Calc.

Li
Log 1/Ki

-H 0.00 0.00 0.00 0.00 0.00 0.00 6.66 6.89 -0.23

-CH
3

0.56 -.07 -.17 -.04 -.13 -1.24 7.62 7.30 0.32

-C
2
H
5

1.02 -.07 -.15 -.05 -.10 -1.31 8.00 7.64 0.36

-C
3
H
7

1.55 -.07 -.13 -.06 -.08 -1.60 8.38 8.03 0.35

-iso-C
3
H
7

1.53 -.07 -.15 -.05 -.10 -1.71 8.73 8.02 0.21

-C
4
119 2.13 -.08 -.16 -.06 -.11 -1.63 8.77 8.46 0.31

-C
5

II

11
2.67 -.08 -.16 -.06 -.08 -1.64 9.15 8.85 0.30

-I 1.12 0.35 0.18 0.40 -.19 -1.40 7.70 7.72 -0.02

-Br 0.86 0.39 0.23 0.44 -.17 -1.16 7.70 7.52 0.18

-CF
3

0.88 0.43 0.54 0.38 0.19 -2.40 7.10 7.54 -0.44

--;.0

6
H
5

1.96 0.06 -.01 0.08 -.08 -2.58 7.00 8.33 -1.33

a From Ref. 5 and 12.

b Calculated using Eq. 1.



Table II. Correlation Matrix for Table I.

2

it IT
crm cr S Es

Log 1/Ki

Ti

2

S

Gm

0-p

by

5Z

0.738 0.703

0.954

1.0

-.450

-.320

-.399

1.0

-.532

-.355

-.405

0.944

1.0

-.415

-.305

-.390

0.992

0.894

1.0

-.380

-.186

-.127

0.230

0.537

0.104

1.0

-.141

-.596

-.418

-.184

-.237

-.150

-.252
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n = 11, r = 0.450, s = 0.715, F(1,9) = 2.29, P = 0.165

Log 1/KI = 1.0107 + 0.523 Es - 7.328 (4)

std. err: (0.247) (0.279) (0.376)

n = 11, r = 0.826, s = 0.479, F(2,8) = 8.62, P = 0.010

Log 1/K1 = 0.6257 - 1.032cTm + 7.036 (5 )

std. err: (0.229) (0.769) (0.337)

n = 11, r = 0.792, s = 0.519, F(2,8) = 6.75, P = 0.019

Log 1/K1 = 0.6887 - 1.878ik + 6.808 (6)

std. err: (0.225) (1.688) (0.338)

n = 11, r = 0.778, s = 0.533, F(2,8) = 6.14, P = 0.024

Removing 4-phenylpyrazole, which may be sterically

hindered, from the analysis improves tne correlations

somewhat, but it does not change tne coefficients

appreciably. In the equations above, the standard errors

for all the coefficients except 7 are greater than half

the size of the coefficient, indicating a low level of

significance. This can be understood by examining tne data

in Table I. The only appreciable variation occurs with the

7 , E
s

, and 7
2 terms, which are somewhat correlated with

each other (Table II). For the remaining variables,

the various electronic terms, two clusters can be

identified, one for the aliphatic substituents, and another

for the halogens. Only pyrazole and 4-phenylpyrazole lie

in between. The latter compound shows the poorest fit to

the derived models. As one would expect, the many

variables in Table I actually represent just tnree
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dimensions, since only the first tnree principal components

are significant (eigenvalues 4.1, 2.4, and 1.1, all others

less than 0.4). The loadings of the variables on tnese

components reflect steric, electronic, and lipopilic

properties. The problem is insufficient variation in the

non-lipophilic terms. The importance of selecting suitable

substituents to adequately cover the variable space has

been examined by Craig (27). More recent reports on tne

use of clustering (28) and of maximizing tne trace and/or

the determinant of the sum-of-squares matrix (29) have

empnasized again the need to span tne variable space in

order to obtain reliable estimates of tne regression

coefficients. biased regression methods involving

principal components (30) and ridge (31) analysis can

correct for collinearities among the predictor variables,

and nonparametric methods (32-34) can reduce the effects of

outliers. However, information can never be created in any

valid statistical procedure, and usually information is

lost. What is gained is a description of the data with as

small a number of parameters as possible.

In order to better understand the role of

non-lipophilic effects in the inhibition of LADH by

4-substituted pyrazoles, an expanded series of these

compounds was synthesized and tested. Also prepared were

some 4-substituted isoxazoles, whose effectiveness as LADH

inhibitors has not yet been reported. Tne latter compounds
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cannot form a covalent link to the NAD
+
molecule, and thus

they should provide some insight into tne role of steric

and electronic effects free from the influence of

ionization. This is true, of course, only if the

isoxazoles are capable of occupying the same position

within the active site as pyrazole.

Chemistry. The compounds wnich were synthesized are

shown in Table III. With the exception of the 4-nitro and

4-bromo compounds, which were prepared by direct

substitution (35,36), all the 4-substituted compounds in

this study were prepared from tne corresponding

a-substituted-8-dimethylaminoacroleins

catalyzed condensation with

(II) by acid

hydrazine (to give

4-substituted pyrazoles III), or nydroxylamine (to give

4-substituted isoxazoles IV )(Scneme 1)(37).

The 6-dimetnylaminoacroleins were prepared using the

Vilsmeier reagent of Arnold (38-40). Using various

substrates, a variety of a-substituted acroleins can be

synthesized, and it appears that this method is preferable

to other methods for synthesizing the pyrazoles, such as

the commonly used reaction of acetylenic precursors with

diazomethane (41). The latter method requires long

reaction times (e.g., one week) , and often mixtures of S-

and 4-substituted compounds are obtained (42) . Reactions

of the 8-dimethylaminoacroleins with N2H4 and NH
2
OH occur



Table III. Pyrazoles and Isoxazoles Used in this Study.

N---X

Compound X R M.P. C Formula
Analysis (MW)

Calc. Found

1 -NH -H 67-68

2 -NH -Br 96-97

3 -NH -NO
2

161-162

4 -NH -CN 89-90

5 -NH -C
2
H
5

_b

6 -NH -OCH
3

61-62

7 -NH -OC
2
H
5

65-66

8 -NH -OC
3
H
7

61-62

9 -NH -0-iso-C
3
H
7

60-61

10 -NH -C
6
H
5

229-230

11 -NH -p-methoxy-
phenyl 197-198 C10H

12 -NH -m,p-dimethoxy-
phenyl 156-157 C

11
H
12
N
2
0
2

13 -NH - pyridyl 194-195 C
8
H
7
N
3

b
14 -0- -H C

3
H
3
NO

II -0- -Br 27-28 C
3
H
2
NOBr

i...E. -0- -NO
2

44-45 C
3
H
2
N
2
0
3

12_ -0- -C
6
H
5

45-46 C
9
1I7 NO

C
3
H
4
N
2

C3II3N2Br

C
3
H
3
N
3
0
2

C
4
H
3
N
2

C
5
H
8
N
2

C
4
H
6
N
2
0

C
5
H
8
N
2
0

C
6
H
10
N
2
0

C
6
H
10

N
2
0

C
9
H

8
N
2

93.033

98.048

112.064

126.079

126.079

174.079

204.090

145.064

145.053

d

d

93.033

98.049

112.064

126.079

126.079
f

174.081

204.090

145.064

h

145.053



Table III. (continued)

a

b

c

d

e

f

g

h

i

Determined by high resolution mass spectrometry.

Obtained as an oil.

Ref. 61.

Ref. 62.

Ref. 37.

Ref. 70.

Ref. 64.

Ref. 65.

Ref. 66.



R1CHO R1 = C H
2 5

R
2
CH

3
R
2 = CN, y-pyridyl

R
3
OCH

2
CH(OR

3
)

2
R
3 = CH3, C2H5, C3H7, iso-C3H7

R
4 COOH R

4 = C6H5, p-(OCH3)-C6H5,

m,p-(OCH3)2-C6H5

1. POC1
3
/DMF

2. K
2
CO3 /H

2
0

R R R = R
1
,R

2
,

- C N
2
H
4'

H
+H, ,H

N NH
OR 3

, R
4

I h
(CH

3
)

2
N 0

II III

NH
2
OH, H

+

N O

IV

R = C6H5 , H

SCHEME I

16
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rapidly, with the release of dimetnylamine. Also, it was

found that the formation of mixtures of cis and trans

substituted acroleins (V and VI) did not affect the final

condensation step, since isomerization of the intermediate

carbonium ion can take place readily.

V

H

(C H3)2N 0

VI

Kinetic Analyses. Studies on the oxidation of ethanol

by LADH are generally carried out by observing the

absorbance of NADH at 340 nm (43), or its fluorescence at

420 run (44), or by following the formation of the ternary

complex of inhibitor-NAD
+
-LADH, which absorbs near 300 nm

(8). The first of tnese methods was selected for this

research. Also, although highly purified single-isozyme

preparations are necessary for detailed studies on the

kinetic mechanisms (45), it was felt that tne use of

unseparated commercial LADH, whose composition is similar

to that encountered in vivo, might give results more

comparable to those obtained in a living organism. It has

been reported that commercial preparations contain on the

order of 85% of the major EE isozyme (4), and also tnat

similar results can be obtained for kinetic parameters

using chromatographed and unchromatographed LADH (46) .
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Depending on the assumptions that are made about the

ternary complex which forms, tne mechanism of ethanol

oxidation has been described as following a Theorell-Cnance

mechanism (47), or a compulsory ordered bi-bi mechanism

(48). A detailed study by Hanes or. tne EE isozyme revealed

a side reaction involving the attachment of alcohol to the

free enzyme, which occurs only at high ethanol levels (49).

At lower concentrations of alcohol, and with saturating

levels of NAD +, the reaction can be directed to follow

classical Michaelis-Menten kinetics. This simplifies the

kinetic analysis, and allows the effects of inhibitors to

be expressed using the simple competitive inhibition

constant K1. With long - chained alkyl derivatives of

pyrazole, Theorell found it necessary to incorporate the

enzyme concentration into the rate expression for

evaluating K1. This is not necessary with less potent

inhibitors of the enzyme (12).

Recent reviews have discussed the statistical

treatment of enzyme kinetic data (50,51). For the sake of

comparison, it was decided to compute two estimates of the

K1 values for the compounds in this report. Conventional

estimates were obtained using nonlinear least squares

estimation based on a sequential simplex minimization

procedure (52). So-called nonparametric estimates of the

K
I

values were also obtained using tne method of Eisentnal

and Cornish-Bowden (53), which is based on the direct
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linear plot (54). Tne direct linear method is said to be

less sensitive to outlying points in the data (55). In the

event that differences were found in the two estimates of

the K
I
values, it was of interest to see which method gave

higher correlations with the subscituent constants.

RESULTS AND DISCUSSION

A list of the inhibitory potencies of the

compounds which were prepared for this study is seen

in Table IV, along with substituent constants. The

4-alkoxypyrazoles were synthesized to provide a homologous

series similar to the one used by Dahlbom (12) . The

aromatic compounds were prepared in order to determine

whether the apparent steric hinderance observed with

4-phenylpyrazole would extend to other aromatic

substituents. A correlation matrix for the data appears in

Table V. The upper triangle of this matrix shows

correlations for the values in Table IV, while the lower

triangle shows correlations for the values in Tables I and

IV combined. With the exception of pyrazole itself, all

the nonparametric estimates of ihibitory potency (log

1/K11) in Table IV are lower then the corresponding

parametric ones (log 1/K1). This is due in part to tne

method of calculation (54). Systematic deviations of this

sort in kinetic parameter estimates have been observed in



Table IV. Substituent Constants and Potencies for Compounds in Table III.

Cpd. IC

STERIMOL
Parameters
L B

4

aLog
1/K.
Nos]:

Log,
b

1/K.
Obsi."

Log,
c

1/K.
Calc.

Log,
1/Ki

1 0.00 0.00 0.00 0.00 0.00 2.06 1.00 5.53 5.76 5.09 0.67

2 0.86 0.39 0.23 0.44 -.17 3.83 1.95 7.00 6.65 6.42 0.23

3 -.28 0.71 0.78 0.67 0.16 3.44 2.44 4.16 3.97 4.56 -0.59

4 -.57 0.56 0.66 0.51 0.19 4.23 1.60 4.29 4.10 4.21 -0.11

5 1.02 -.07 -.15 -.05 -.10 4.11 2.97 8.24 7.46 6.66 0.80

6 -.02 0.12 -.27 0.26 -.51 3.98 2.87 4.89 4.69 5.06 -0.37

7 0.38 0.10 -.24 0.22 -.44 4.97 3.36 5.15 4.78 5.67 -0.89

8 1.05 0.10 -.25 0.22 -.45 6.05 4.30 6.29 6.16 6.71 -0.55

9 0.92 0.10 -.45 0.30 -.72 4.59 3.61 6.04 5.96 6.51 -0.55

10 1.96 0.06 -.01 0.08 -.08 6.28 3.11 7.54 6.76 8.11 -1.35

11 (1.94)d -.09 8.22 3.136 5.71 4.91 8.08 -3.17

12 (1.92) 8.2f 5.20 e 7.53 7.04 8.05 -1.01

13 0.50 0.83 5.67 3.13 5.62 4.66 5.86 -1.20

14 0.00 0.00 0.00 0.00 0.00 2.06 1.00 1.37 1.30 1.00 0.30

15 0.86 0.39 0.23 0.44 -.17 3.83 1.95 2.45 2.21 1.67 0.54

16 -.28 0.71 0.78 0.67 0.16 3.44 2.44 1.28 1.25 0.68 0.57

17 1.96 0.06 -.01 0.08 -.08 6.28 3.11 1.85 1.70 3.34 -1.64



Table IV. (Continued)

a Parametric estimates of Log 1/K.
b Nonparametric estimates of Log 1/K1

Calculated using Eq. 8 for compounds 1-13; using Eq. 20 for compounds 14-17.
d Estimated by summation.
e Calculated from space-filling computer projections (75).



Table V. Correlation Matrix For Tables I and IV.a

t.

sfr p

cm

L

B
4

Log 1/Ki

Log 1/Kib

Log Log
112 Gm Cr tr 9Q L B 1/Ki 1/K1

0.901 -.567 -.453 -.522 -.344 0.792 0.635 0.762

0.910 -.297 -.247 -.351 0.028 0.832 0.513 0.565

-.515 -.407 0.882 0.948 0.530 -.203 -.347 -.614

-.420 -.295 0.862 0.688 0.867 -.151 -.440 -.404

-.518 -.453 0.965 0.699 0.234 -.102 -.142 -.652

-.085 0.094 0.302 0.743 0.042 -.361 -.698 -.144

0.743 0.764 -.252 -.192 -.200 -.244 0.761 0.348

0.740 0.714 -.392 -.389 -.309 -.389 -.899 0.413

0.744 0.583 -.593 -.405 -.640 0.058 0.205 0.293

0.674 0.527 -.593 -.424 -.646 0.081 0.087 0.200 0.981

0.669

0.465

-.653

-.505

-.680

-.188

0.202

0.352

0.963

a Upper triangle is for pyrazoles in Table IV only; lower triangle is for
combined Tables I and IV. Isoxazoles were excluded due to poor correlations
with activity.

For lower triangle, log 1/Ki and log 1/Ki values for pyrazoles in Table I
are the same.
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other studies (56). The parametric and nonparametric

estimates are highly correlated wizn each other (r=0.963).

Comparing both values to the previously obtained log 1/K1

values in Table I for the inhibitors common to both

(compounds 1, 2, 5, and 10) , the log 1/1y values snow a

higher correlation (r=0.963) than do the log 1/K1 values

(r=0.845). This difference may not be meaningful due to

the small sample size. However, the fact that the log

1/K1' values are uniformly lower tnan the corresponding

values in Table I may reflect a difference in the enzyme

preparation used. The relatively unpurified enzyme in the

present study could conceivably have inactive or less

reactive sites to which the inhibitor molecules could bind,

lowering the apparent potencies. The QSAR analyses were

carried out using both log 1/K1 and log 1 /K1' values, and

the results showing the highest correlations are reported.

The isoxazoles in Table IV are much less potent

inhibitors of LADH than are the corresponding pyrazoles.

This was known to be the case for the parent compound (24).

With so few points, meaningful equations cannot be derived.

There is, however, an apparent positive relationship

between log 1/K1' for tnese compounds and 7 (r=0.600), and

a moderate negative dependance on a
m
(r=-.760) . An

unexpectedly high correlation with )? (r=-.901) may be

artifactual. Since presumably only dipolar forces (rather

than ionic) are involved in the isoxazole-LADH interaction,



24

with no charge developing on the ring, the significance of

the electronic effects snould be much reduced compared with

the pyrazoles, and this appears to be the case.

Examining only the pyrazoles in Table IV, and using

compounds with complete data vectors, best-subsets analyses

gave the following as the most significant single-variable

relationships:

Log 1/K1 = 5.092 + 1.542 Ti (7)

std. err: (0.289) (0.319)

n = 10, r = 0.863, s = 0.733, F(1,8) = 23.38, P =.0013

Log 1 /K1 = 6.337 - 3.228 cm (8)

std. err: (0.420) (1.313)

n = 10, r = 0.656, s = 1.01, F(1,8) = 6.05, P = .038

Log 1 /K1 = 5.724 - 1.429 crp (9)

std. err: (0.343) (0.767)

n = 11, r = 0.528, s = 1.11, F(1,9) = 3.48, P = .095

Log 1/K1 = 6.688 3.847 t't (10)

std. err: (0.486) (1.424)

n = 10, r = 0.691, s = 0.970, F(1,8) = 7.30, P = .027

Comparing Eqs. 7-9 with Eqs. 1-3, the differences

occur in the magnitudes of the coefficients, which are

larger for the compounds in this study. Again, this may

reflect the use of a different enzyme preparation, or it

may be the result of the choice of substituents. The

correlations are slightly higher, and tne standard errors

of the coefficients are a smaller fraction of the
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coefficient. Qualitatively, the same conclusions can be

drawn, that lipophilicity is of prime importance, and that

electron donating substituents enhance the inhibitory

potency. The beneficial effect of using a
m

instead of a

is evident, and the somewhat higher correlation with am may

result from the fact that the 4-position is meta to each of

the ring nitrogens involved in the interaction with LkDH

(23) .

The predicted values for the pyrazoles in Table IV

were calculated using Eq. 7. As with 4-pnenylpyrazole in

Table I, the aromatic substituted compounds in Table IV

(10-13) all show activities much lower than predicted.

This can probably be attributed to steric interference

caused when orbital overlap draws the aromatic ring into

coplanarity with the pyrazole ring (23).

Equations involving 7 along with any of the

electronic parameters show reduced significance for the

electronic term:

Log 1/K = 5.673 + 1.015 7 - 2.055 (11)

std. err: (0.509) (0.364) (1.228)

n = 10, R = 0.868, s = 0.713, F(2,7) = 10.65, P = .008

Log 1/K = 5.401 + 1.060 7 1.434
cm

(12)

std. err: (0.480) (0.407) (1.213)

n = 10, r = 0.843, s = 0.770, F(2,7) = 8.63, P = .013

Considered alone, none of the steric parameters showed

any relationship to activity. In combination with 7 , the
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STERIMOL L and B
4

terms gave the most significant

equations:

Log 1 /K1 = 6.650 + 1.973 7 -0.404 L (13)

std. err: (0.803) (0.333) (0.197)

n = 11, r = 0.911, s = 0.597, F(2,8) = 19.76, P = .001

Log 1 /K1 = 6.026 + 1.831 7 -0.401 B4 (14)

std. err: (0.662) (0.336) (0.258)

n = 11, r = 0.896, s = 0.647, F(2,8) = 16.29, P = .002

The negative steric coefficients indicate that bulky

substituents at the 4-position reduce activity. The

correlations between n, L, ad 84 are fairly high (Table

V), and this reduces the importance of the steric terms.

Nevertheless, the effect of steric bulkiness is consistent

with the low results obtained with the aromatic

substituents.

The data for the pyrazoles in Tables I and IV can be

combined, and the use of an indicator variable I
1

(=1 if

from Table IV, 0 if from Table I), by itself and in various

cross product terms, can correct for differences in the

intercepts and slopes between the two sets of data (57).

Doing this, and examining best subsets of all the possible

combinations gave relationships similar to those obtained

before:

Log 1/K; = 6.665 - 1.657 I1 + 1.038 7 (15)

std. err: (0.306) (0.307) (0.187)

n = 21, r = 0.932, s = 0.600, F(2,18) = 56.52, P=.0000
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Log 1 /K1 = 8.029 - 1.832 I1 - 2.552 um (16)

std. err: (0.267) (0.395) (0.350)

n = 21, r = 0.837, s = 0.864, F(2,18) = 21.13, P=.0002

Log 1/K1 = 8.089 1.699 I1 2.719 3' (17)

std. err: (0.274) (0.412) (0.915)

n = 21, r = 0.836, s = 0.867, F(2,18) = 20.94, P=.0002

and for the combined lipophilic and electronic effects:

Log 1 /K1 = 6.883 1.268 I1 + 0.844 7 1.493 (18)

std. err: (0.362) (0.322) (0.210) (0.741)

n = 21, r = 0.920, s = 0.639, F(3,17) = 31.03, P=.0000

Log 1/K1 = 6.851 1.356 I1 + 0.839 7 1.319 cm (19)

std. err: (0.366) (0.321) (0.217) (0.615)

n = 21, r = 0.917, s = 0.650, F(3,17) = 29.88, P=.0000

No cross product terms were significant in any of the

relationships examined. This indicates that all the slope

coefficients are the same for the two data sets, and that

the enzyme preparations show the same response to

lipophilic and electronic effects, differing only in the

level of intrinsic activity. As before, combining 7 witn

any of the other terms reduces the coefficient, as well as

the significance of the added term.

Finally, including isoxazoles 14-17 in the analysis

resulted in Eq. 20, which is quite significant:

Log 1 /K1 = 6.751 - 1,.657 I1 -4.015 12 +0.843 7 (20)

std. err: (0.308) (0.318) (0.393) (0.178)

n = 26, r = 0.963, s = 0.672, F(3,22) = 93.55, P=.0000
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Here, a second indicator variable
12

(=1 if isoxazole, 0 if

pyrazole) has been added to correct for the extremely low

activity of the isoxazoles. This equation was used to

predict the activities of the isoxazoles in Table IV. It

was found that the addition of any of the electronic or

steric terms, or any cross product terms, did not give

significant coefficients, due to the much greater

importance of the indicator variables and the lipophilicity

term. A jackknife procedure was used to validate the

results of Eq. 20 (58). Each compound was withheld in

turn from the regression analysis, and the equation so

obtained was used to predict the activity of the withheld

compound. A plot of predicted versus observed potencies is

seen in Figure 2. The correlation is only slightly lower

than for Eq. 20 (r=0.935). Again, the substituents

showing the greatest deviations are the aromatic ones. If

a third indicator variable 1
3

is added, to signify the

presence of an aromatic substituent, all the terms in the

derived equation still retain tneir significance:

Log 1/K1= 6.460 +1.1607 -1.297 I1 -3.955 12 -1.319 13(21)

std. err: (0.248) (0.158) (0.303) (0.386) (0.328)

n = 26, r = 0.979, s = 0.518, F(4,21) = 122.1, P= .0000

In this equation, I1 indicates the enzyme system used, 12

indicates whether the compound is an isoxazole, and I
3

signifies aromaticity. The equation indicates that

isoxazoles can be expected to show about 10 000-fold lower
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10.000

2.000 4.000 6.000 8.000 10.000

PREDICTED LOG 1/K1
I

Figure 2. Observed versus predicted potencies based on a
jackknifed version of Eq. 20. Solid circles
are aromatic substituents. Compounds from
Table IV are numbered, and 4-phenylpyrazole
from Table I is indicated. Dashed lines are
95% confidence limits.
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levels of potency than the corresponding pyrazoles, and

that an aromatic ring in the substituent lowers potency

another 15-fold.

It is clear, then, that lipophilicity plays a dominant

role in the interaction of pyrazoles and isoxazoles with

LADH. It is now also apparent that electron donation also

plays a significant part. The presence of a consistently

negative p value in all of the derived equations indicates

that at least a partial positive charge develops on the

pyrazole ring during the interaction with the LADH-NAD
+

complex. The original hypothesis about the action of

pyrazoles presumed that assisted ionization occurred,

forming a pyrazole anion, which was then neutralized by

NAD (8) (Figure 3a) . This is not likely in view of the

electronic effects observed here, and alternative

explanations must be considered.

One possibility is that electrophilic attack by NAD+

forms the cation shown in Figure 3b. The fact that

pyrazole forms a complex with NAD+ only at high pH values,

accompanied by the loss of a proton (8), may tend to rule

out the formation of such a species in the weakly basic

environment of the active site (59). However,

electrophilic attack could be promoted by proximity of the

NAE
±

to the pyrazole ring. Properly substituted pyrazoles

could be anchored in place by attachment to the lipophilic

cleft, and 3- or 5-substituted compounds may not be able to
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approach the NAD sufficiently closely. Alternatively, it

is possible to imagine a transition state in which the

valence of the Zn2+ ion is expanded to interact directly

with the pyrazole nucleus (Figure 3c) . This valence

expansion has recently been proposed to explain the

mechanism of ethanol oxidation (60). Such an interaction

would place at least a partial positive charge on the

pyrazole ring. If this were the rate-limiting step, or if

synchronous loss of the proton occurred combined with bond

formation to NAD
+

, no anionic species need ever be formed.

Since the p values in this study changed in magnitude

with the various models, due to correlations still present

in the data, it is not possible to assign a precise

magnitude to the electronic effect. Perhaps research with

a more uniform enzyme preparation would allow a better

determination. More exact knowledge of the p value would

allow comparison with model reactions, to determine the

true mechanism of the interaction. It is certain that more

QSAR research into the matter will help to resolve some of

the unanswered questions.

EXPERIMENTAL

Uncorrected melting points were obtained on a

Thomas-Hoover apparatus. IR spectra were run as KBr

pellets or as films using a Perkin Elmer Model 727
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Spectrophotometer. UV spectra were recorded in CH3OH on a

Beckman DB-GT instrument.
1H-NMR spectra were run on neat

liquids or on samples dissolved in CDC13 or Me2S0-d6 with

Me
4
Si as internal standard, using a Varian EM 360

spectrometer. Mass spectra were obtained on Varian MAT-CH7

or Finnegan 4023 GC-MS mass spectrometers. Spectral data

that was obtained was in accord with the assigned

structures. Elemental compositions were obtained by high

resolution mass spectrometry on the University of Oregon

Model CEC-21B-110 instrument operated at 70 eV. Prior to

elemental analysis the samples were verified to migrate as

single spots in at least two TLC systems. TLC separations

were carried out on EM Reagents precoated silica gel

60E-254 aluminum plates using (A) CH2C12-Me0H (99:1), (B)

CH
2
Cl

2
-Et0Ac-Me0H (40:5:1), or (C) CH

2
C12 -Me0H (5:1), among

others. Visualization was by exposure to 1
2
vapor or by

viewing under UV light. Reported yields are average

values. Compounds 1 (61) , 2 (62) , 3 (62) , 13 (63) , 14

(64), 15 (65), and 16 (66) were prepared by published

procedures. Compound 5 was synthesized by the reaction of

a-ethyl-f3-dimethylaminoacrolein (38) with N2H4 (37).

Compound 4 was prepared by the condensation of

a-cyano--dimethylamino acrolein with N2H4.

Preparation of a-Cyano--dimethylaminoacrolein. Using

a modification of the method of Reichard and Kermen (67),

dry CH3CN (76.9 g, 1.9 mol) was added to dimethylformamide
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(DMF, 91.3 g, 1.25 mol). The solution was cooled, and

POC1
3

(192 g, 1.25 mol) was added dropwise with stirring.

The mixture was allowed to come to room temperature, then

it was refluxed for 20 hr. After reflux, the reaction

mixture was chilled, then poured slowly onto 200 g of ice

with stirring. Sufficient saturated aqueous K2CO3 (ca.

450 mL) was added to bring the pH to 7, and the resulting

solution was extracted overnight with 250 mL of benzene,

using a liquid-liquid extraction apparatus. The benzene

extract was dried (K2CO3) and evaporated on a rotary

evaporator. The residue was recrystallized from benzene,

giving 21.6 g (18%) of a-cyano-13-dimethylaminoacrolein (mp

137°), which was used in the next step without further

purification.

4-Cyanopyrazole (4) . To a mixture of

a-cyano-6-dimethylaminoacrolein (12.4 g, 0.1 mol) in 100 mL

of Me0H was added N2H4.H20 (5.5 g, 0.11 mol) . The mixture

was refluxed for 6 hr, and the precipitate which formed was

removed by filtration. The dried filtrate was heated in a

vacuum sublimator, collecting crude 4 as tne sublimate,

which was recrystallized from hexane. Yield, 2.9 g (31%);

mp 89-90°; TLC (system C, R
f
0.44); MS m/e 93 (M+, 100%).

Compounds 6-9 were prepared by a modification of the

method of Pl8mpe and Schegk (37). An example is given of

the preparation of 4-propoxypyrazole (8).

Synthesis of a-Propoxy-8-dimethylaminoacrolein.
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was prepared from

2-bromoacetaldehyde-bis-(propyl)acetal (68) by the

reaction with NaOPr in n-propanol in a sealed tube at 180°

(69). DMF (110 g, 1.5 mol) was cooled in a 500 mL 3-neck

flask equipped with stirrer, reflux condenser, and dropping

funnel. POC1
3

(70 g, 0.45 mol) was added slowly with

cooling and stirring. The mixture was allowed to come to

room temperature and then 1,1,2-tripropoxyetnane (30 g,

0.15 mol) was added. The resulting solution was heated

with stirring on a steam bath for 6 hr. The reaction

mixture was cooled, poured onto 120 g of ice, and then

saturated aqueous K2CO3 (ca. 200 mL) was added until the

resulting mixture was alkaline to litmus. This solution

was heated with stirring on a steam bath for 1 hr and it

was then extracted with three 50 mL portions of

benzene-ethanol (1:1). The dried (K2CO3) combined extracts

were reduced on a rotary evaporator and then vacuum

distilled. A yield of 4.9 g (31%) of boiling range

100-120
o
/0.5 kPa was collected. In a similar manner

a-metnoxy--dimethylaminoacrolein (bp 90-110°/0.5 kPa) ,

a-ethoxy-8-dimethylaminoacrolein (bp 100-120°/0.5 kPa), and

a-isopropoxy--dimethylaminoacrolein (bp 95-110°/0.5 kPa)

were obtained.

4-Propoxypyrazole (8) . Into a 10 mL flask equipped

with a reflux condenser was placed

a-propoxy-8-dimthylaminoacrolein (1.7 g, 10 mmol) dissolved
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in 5 mL of ethanol. To this was added N
2
H
4
.H

2
0 (0.6 g, 12

amol) . The mixture was refluxed 1 hr, cooled, and solvent

was removed on a rotary evaporator. The solid residue was

recrystallized from 10% K2CO3, dried over CaC12, and then

vacuum sublimed giving 0.8 g (64%) of 8, mp 59°; TLC

(system A, Rf 0.13); MS m/e 126 (M+, 100%).

In the same manner, 4-methoxypyrazole (6)(yield 44%;

mp 62 °) , 4-ethoxypyrazole (7) (yield 68%; mp 65 -66 °) , and

4-isopropoxypyrazole (9) (yield 70%; mp 60°) were obtained,

using the appropriate a-alkoxy-8-dimethylaminoacroleins.

The latter two pyrazoles have also been prepared by a

different synthetic route (42).

The 4-phenylpyrazoles were prepared by condensing the

appropriate a-phenyl -8-dimethylaminoacroleins with N2H4.

The acroleins were prepared from the corresponding

phenylacetic acids by the method of Arnold (39). An

example is given of the synthesis of

4-(4'-methoxyphenyl)pyrazole (11) .

a-(4'-Methoxypheny1)-8-dimethylaminoacrolein. To a

mixture of POC1
3

(46 g, 0.3 mol) and DMF (36.5 g, 0.5 mol)

was added p-methoxyphenylacetic acid (16.6 g, 0.1 mol)

dissolved in 20 mL of DMF. The solution was heated with

stirring over a steam bath for 6 hr, during which time CO2

was evolved and the color darkened. After cooling to room

temperature, the reaction mixture was poured slowly onto

200 g of ice, and ca. 250 mL of aqueous saturated K2CO3
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was added with stirring, until the mixture was basic to

litmus. Benzene (50 mL) was added, and the mixture was

stirred over a steam bath for 1 hr. This was followed by

extraction with two 50 mL portions of benzene-ethanol

(1:1). The combined extracts were dried (MgSO4) and

solvent was removed on a rotary evaporator. Vacuum

distillation of the resulting material yielded 6.8 g (7%)

of a yellow oil (bp 145-155°/0.5 kPa) , which was

characterized by
1
H-NMR, IR, and UV spectra as

u-(4'-methoxypheny1)-6-dimethylaminoacrolein. In a similar

manner, starting with phenylacetic acid gave

a-phenyl -6-dimethylaminoacrolein (yield 17%, by

135-140
o
/0.5 kPa), and 3,4-dimethoxyphenylacetic acid gave

a-(3',4'-dimethoxypheny1)- 6 -dimethylaminoacrolein (yield

8%, by 150-1600/0.5 kPa) .

4- (4'- Methoxyphenyi)pyrazole (11). To a solution of

a-(4'-methoxypheny1)-6-dimethylaminoacrolein (0.9 g, 4.6

mmol) in 10 mL of methanol was added N2H4.H20 (0.25 g, 5.0

mmol) The mixture was refluxed 1 hr, and the resulting

crystals were collected and recrystallized from water,

followed by vacuum sublimation. Yield 0.67 g (84%) of 11,

mp 197-198 , TLC (system C, Rf 0.59); MS m/e 174 (M+,

100%). Likewise, using a-phenyl -8-dimethylaminoacrolein

gave 10, yield 76%, mp 229-230° (lit. 231° (70)); TLC

(system B, R
f

0.17); MS m/e 144 (M+, 100%). Also, using

a-(3',4'-dimethoxypheny1)-8- dimethylaminoacrolein gave 12,
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yield 84 %, mp 156-157°; TLC (system B, R
f
0.11); MS m/e 204

(M+, 100%) .

Synthesis of 4-Phenylisoxazole (17).

a-Phenyl-8-dimethylaminoacrolein (see above) (1.61 g, 9.2

mmol) was dissolved in 10 mL glacial acetic acid, and

NH
2
OH.HC1 (0.7 g, 10 mmol) was added along with one drop of

H2SO4. The mixture was refluxed for 8 hr, cooled, then

stirred into 25 mL of saturated aqueous CdC12. A thick

white precipitate formed which was collected by filtration.

The dried precipitate was suspended in 25 mL of water, and

distilled almost to dryness, collecting the fractions

boiling below 110°. The milky aqueous distillate was

extracted with three 10 mL portions of Et20. The dried

(Na
2
SO

4
) ether layer was evaporated, yielding a residue

which was recrystallized from hexane, giving 0.4 g of 17

(29%), mp 44-45
o

(lit. 46° (57)) ; TLC (system A, Rf 0.80);

MS m/e 145 (M+, 100%).

Kinetic Assays. Using conditions reported by others

(12,24), the enzyme assays were performed at 25° in 20 mM

sodium phosphate buffer, pH 7.0. Crystalline horse liver

alcohol dehydrogenase (Sigma Cat. No. 340-L2) was

dissolved in buffer to a concentration of 2.0 mg/mL, and

then dialyzed against buffer at 0°. The enzyme solution

was diluted to a final stock concentration of 1.0 mg/mL

(representing ca. 1.9 units of LADH activity/mL), which



39

could be stored frozen for at least two weeks before

noticeable loss of activity occurred. A stock diluent

containing 0.1% bovine serum albumin (BSA, fraction V,

Sigma Cat. No. A-8022) was also prepared and frozen. At

the time of assay, 0.6 mL of the stock LADH solution was

mixed with 0.4 mL of the BSA stock solution. A solution of

5.0 mM NAD+ (Sigma Cat. No. N-7004) in buffer was freshly

prepared for each assay, as were solutions of reagent grade

ethanol and inhibitor. A 10 mL volume of assay solution

was prepared by mixing 1.0 mL of the stock NAD+ with buffer

and/or inhibitor solution. This was allowed to equilibrate

for 10 min at 25
o

. To a 3.0 mL portion of this assay

solution was added 25 uL of the LADH/BSA mixture, and a

further 2 min period was allowed for the

LADH -NAD+- inhibitor complex to form (8). The reaction was

initiated by the addition of 5.0 UL of an ethanol solution

such that the final ethanol concentration ranged from 0.5

to 8.0 mM. The absorbance at 340 nm was followed on a

Varian Model 635 UV spectrophotometer with a Soltec

variable speed strip chart recorder, using absorbance

ranges from 0.01A to 0.2A. Initial velocities were

measured with the aid of a clear plastic ruler to which two

short pieces of glass rod had been attached, to make

tangent determinations easier (71). Triplicate assays were

performed at each of 5 or 6 ethanol concentrations for each

of 3 or 4 inhibitor concentrations selected. Enzyme
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activity was determined before and after each experiment

using a 1.0 mM ethanol standard, and no appreciable decline

in activity was noticed over the 4 to 6 hour period of each

experiment.

Data Analysis. Calculations were performed on the

Oregon State University Cyber 70 using programs for

best-subset (26), stepwise linear (72), and nonlinear (73)

regression analysis. Nonparametric K
I

values were

calculated using a program based on the direct linear

method (53). Substituent constants were obtained from a

recent compilation (74). Unpublished values of STERIMOL

parameters were computed by measurement of

computer-generated space filling representations, which

were produced by a program based on the one by Smith and

Gund (75). Structural modelling was performed on the NIH

PROPHET System (76). In addition to those shown in Tables

I and IV, a number of additional substituent constants,

including those of Charton (77), were examined, with no

improvement in the correlations.
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PART II.

THE USE OF

MOLECULAR CONNECTIVITY

IN THE

MULTIVARIATE CLASSIFICATION

OF DRUG MOLECULES



CHAPTER I I

(Reprinted from the Journal of Medicinal Chemistry. 22. 465 119'791.1
Copyright 1979 by the American Chemical Society and reprinted by permission of the copyright owner.

Classification of Drugs by Discriminant Analysis Using Fragment Molecular
Connectivity Values

Douglas R. Henry and John H. Block

School of Pharmacy, Oregon State University, Corvallis, Oregon 97331. Received June 19, 1978

An investigation was made into the use of linear and quadratic discriminant analysis, along with K nearest-neighbor
analysis. in the classification of a set of 51 compounds which were divided into five therapeutic categories. By
superimposing each compound on a pattern structure, as first pmpoeed by Cammarata. eight positions were assigned
on the molecule. Each position was coded with the numerical value of a descriptor index. Relative molar refraction.
which was the index used by Canumarata, was compared with a number of molecular connectivity indices. For each
of the indices studied, it was found that only four of the eight positions contributed significantly to between-class
differences. It was also found that first-order molecular connectivity, calculated as the sum of the contributions
of each of the bonds joining a given position, resulted in consistently fewer misclassifications as compared with the
other indices. Using first-order molecular connectivity, validation procedures were performed on the original set
of compounds, on random samples drawn from this set. and on a set of ten compounds not included in the analysis.
The results obtained were highly data dependent, but they, nevertheless, suggest that molecular connectivity indices
should prove useful in structural classification procedures.

Throughout the last decade, a good deal of research in
medicinal chemistry has been directed toward the study
of quantitative relationships between physicochemical
properties and the levels of biological activity of drug3.'2
Such QSAR's lend themselves readily to the application
of the usual univariate statistical methods of regression
analysis and analysis of variance. Lately, however, interest
has arisen in the study of a form of a qualitative struc-
ture-activity relationship in which one attempts to classify
drugs according to the type of activity shown. This
problem of classification, though long examined and used
in other disciplines." is relatively new to medicinal
chemistry' and to chemistry in general' It can be handled
through various techniques, such as pattern recognition's
and learning machine programs.'.10 or by traditional
statistical methods. The most common and appropriate
of the latter is the method of discriminant analysis."-13

Recently, Prakash," Martin." and Dunn" have used
discriminant analysis for the classification of drugs ac-
cording to the level of activity, using traditional physi-
cochemical properties as independent variables. As Martin
has demonstrated, the case for classification in the two-
group example can be handled conveniently by a univariate
regression analysis in which the dependent variable as-
sumes discrete values of 0 (or -1) and 1. The problem of
multigroup classification must, nevertheless, be handled
by multivariate techniques.i2-19

Cammarata and Menon have reported the use of one
multivariate technique, principal component analysis, as
a preprocessing step in a study of the clustering of similar
compounds according to their structural features, as ex-
pressed by molar refraction." They have applied this
technique to the pattern recognition of several sets of
compounds of diverse biological activities.21 These authors
suggested using the largest principal components of the
overall correlation matrix as inputs to a pattern recognition
machine. By contrast, Tou has suggested the use of the
smallest principal components of the individual within-
groups covariance matrices.' Other applications which
are similar to principal component analysis include the
Karhunen-Loeve transform' and the St 1CA method.'

Discriminant analysis resembles principal component
analysis in that linear combinations of the original vari-

4 8

ables are constructed. The goal, however, is not to
maximize the overall variance. rather it is to maximize the
ratio of the between-groups (hypothesis) variance to the
within-groups terror) variance. In general, whenever there
is prior information available about the class to which a
particular observation belongs a discriminant analysis will
be more useful than a principal component analysis for
deciding which of the variables are of value in determining
between-groups differences and for classification purposes.
Thus, one purpose of this report is to extend some of the
concepts which Cammarata has introduced, by the ap-
plication of discriminant analysis to the multigroup
classification of a number of the compounds which have
already been studied by principal component analysis.

Relative molar refraction was the descriptor index which
Cammarata selected for coding various positions on a given
structure. In this context, each position becomes a sep-
arate variable, and the terms position and variable can be
used interchangeably. This is in contrast to some QSAR
studies where the descriptor index itself is considered the
variable, when measured at one or more positions. For
each of the compounds. the various positions were iden-
tified by superimposing the structure on a pattern which
included all the positions of interest. This pattern is seen
in Table I. As Cammarata has pointed out, it is this
process of superimposing which is the least objective step
in the method, since it requires some judgement on the
part of the researcher.'

As alternatives to the use of molar refraction, a number
of fragment molecular connectivity indices were selected
as descriptors." Molecular connectivity indices, whether
applied to whole molecules or to structural fragments,
possess a number of useful qualities which molar refraction
values lack." Foremost is the fact that molecular con-
nectivity values can be calculated unambiguously, given
the structure or the connectivity (adjacency) matrix of the
molecule. A Fortran program is available for this pur-
pose." Also, molecular connectivity values can uniquely
describe positions on a molecule which may show only
subtle differences between one another, as in predomi-
nantly aliphatic systems. By comparison, the molar re-
fraction value of an aliphatic carbon atom is usually
considered constant, regardless of whether the atom is
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Table 1. Raw MC, Values for the Compounds Used in the Analysee
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Henry, Block

/8-\
,

a 3-C-0.

no. compound

ciassification position

true Iin.c quad.d A Et G H

1 pyrroliphene A A A 0.000 1.096 0.000 1.274 0.724 0.000 0.707 0.408
2 levoprome A H H 0.408 0.763 0.000 0.724 1.393 0.724 0.000 0.000
3 carbiphene A A A 0.000 0.954 0.687 0.816 0.816 0.816 0.000 0.493
4 fentanyl A A A 0.000 0.705 0.000 0.816 0.908 0.316 0.000 0.731
5 dextrornoramide A A A 0.000 1.039 0.000 1.274 0.724 0.000 0.000 0.678
6 methadone A P A 0.000 1.104 0.000 0.854 0.816 0.000 0.000 0.308
7 propoxyphene A A A 0.000 1.096 0.000 1.274 0.724 0.000 0.707 0.408
3 carbamazepine A D A 0.911 0.671 0.716 0.289 0.000 0.000 0.000 0.000
9 proladol A A A 0.000 1.311 0.000 0.854 0.316 0.000 0.000 0.854

10 tilidine A A A 0.000 1.142 0.762 0.742 0.667 0.592 0.000 0.658
11 prodilidine A A A 0.000 1.096 0.000 0.854 0.316 0.000 0.000 0.408
12 irtuprsmine D D 0 1.207 0.763 0.000 0.816 1.000 0.816 0.000 0.000
13 protriptylene 0 0 D 0.911 0.986 0.000 0.908 1.000 0.854 0.000 0.000
14 amitriptylene 0 D 0 1.207 0.789 0.000 0.697 0.908 0.316 0.000 0.000
15 nortriptylene D 0 0 1.207 0.789 0.000 0.697 0.908 0.854 0.000 0.000
16 doxepin D 0 D 0.846 0.789 0.000 0.697 0.908 0.816 0.000 0.000
17 desepramine D 0 D 1.207 0.763 0.000 0.316 1.000 0.354 0.000 0.000
18 dimethindene H A A 0.000 0.789 0.000 0.957 0.854 0.816 0.707 1.155
19 nuithdilazine H H H 0.408 0.763 0.000 0.724 1.225 0.724 0.000 0.000
20 promethazine H H H 0.408 0.763 0.000 0.724 1.244 0.000 0.000 0.000
21 methapyrilene H H H 0.000 0.856 0.000 0.316 0.816 0.000 0.670 0.000
22 ethopropazine H H H 0.408 0.763 0.000 0.724 1.244 0.000 0.000 0.000
23 cyprohepeadine H 0 0 0.911 0.750 0.000 0.957 0.854 0.316 0.000 0.000
24 cyclizine H C H 0.000 0.836 0.000 0.391 0.816 0.316 0.000 0.000
25 diphenhydramine H C H 0.000 0.313 0.000 0.524 0.789 0.816 0.000 0.000
26 tripellenarnine H H H 0.000 0.856 0.000 0.816 0.816 0.000 0.577 0.000
27 doxylamine H P P 0.000 1.204 0.000 0.493 0.789 0.816 0.500 0.000
28 trimeprazine H H H 0.408 0.763 0.000 0.724 1.394 0.724 0.000 0.000
29 orphenadrine C H C 0.000 0.818 0.000 0.524 0.789 0.816 0.500 0.000
30 diptuutidol C P P 0.000 1.077 0.000 0.844 1.000 0.816 0.224 0.000
31 benztropin. C C P 0.000 0.813 0.471 1.052 0.316 1.075 0.000 0.000
32 poldine C C C 0.000 0.974 0 658 0.493 0.697 0.666 0.224 0.000
33 diphemanil C H C 0.000 0.750 0.000 0.957 0.354 0.789 0.000 0.000
34 thiphemanil C C H 0.000 0.866 0.697 0.493 0.789 0.816 0.000 0.000
35 methixone C H C 0.408 0.986 0.000 0.816 0.724 0.000 0.000 0.000
36 piperidoiace C C H 0.000 0.866 0.697 0.440 0.724 0.000 0.000 0.000
37 adipheninit C C C 0.000 0.866 0.697 0.493 0.789 0.816 0.000 0.000
38 pentapiperium C C C 0.000 0.911 0.697 0.440 0.908 0.789 0.000 0.000
39 oxyphononium C C C 0.000 1.012 0.658 0.493 0.789 0.789 0.224 0.000
40 methanthiriine C C C 0.408 0.866 0.697 0.493 0.789 0.789 0.000 0.000
41 itycopyrrolate C C A 0.000 1.012 0.658 0.440 0.697 0.000 0.224 0.000
42 alverine C H C 0.000 0.000 0.000 0.000 1.000 0.816 0.854 0.854
43 pipenzolate C C C 0.000 0.974 0.658 0.440 0.697 0.000 0.224 0.000
44 rnepenzoiate C C C 0.000 0.974 0.658 0.440 0.697 0.000 0.224 0.000
45 hexocyclium C C C 0.000 1.116 0.670 0.949 0.316 0.789 0.224 0.000
46 tridihexethyi C P C 0.000 1.116 0.000 0.854 0.789 0.000 0.224 0.000
47 isometheptine P C P 0.000 1.289 0.697 0.908 0.908 1.274 0.000 0.000
48 cycrimine P P P 0.000 1.116 0.000 0.354 0.816 0.000 0.224 0.000
49 tithexphenidyl P P P 0.000 1.116 0.000 0.854 0.816 0.000 0.224 0.000
30 procyclidine P P P 0.000 1.116 0.000 0.854 0.816 0.000 0.224 0.000
51 biperidinit P P P 0.000 1.077 0.000 0.854 0.816 0.000 0.224 0.000

Positions were assigned by superimpoeing the structure of the compound on the structure shown.' d Group codes are:
analgesics, A; antidepressants. 0; antihistamines, H: anticholinergics, C; antiparkirtsonians, P. Linear classification per-
formed using position variables a, b, c, and h. Tb*B44DP1M program was used, and the results shown were obtained using
the Lac.lumbruch or jackknife holdout procedure. 1 Quadratic classification results obtained using the first three canonical
discriminant functions; the program used was N4 ULTDIS.

primary, secondary, or tertiary. Finally, molecular con-
nectivity values have been shown to correlate well with
many of the more common physical and chemical prop-
erties which have been used in QSAR studies:4 and with
biological activities as well Thus, in addition to de-
termining the value of discriminant analysis in the awl-
tigroup classification of drugs. a second purpose of this
report is to compare the performance of molar refraction

with several fragment molecular connectivity indices when
applied to this problem.

Experimental Section
Calculations were performed on the Oregon State University

CDC Cyber 70 Model 73-16 computer. Software which was used
included SP93 and SP550N1.104 discriminant analysis programs."'
the University of California 344.1)K34 discriminant analysis
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Pyrroliphene (A)

:arbiohene (A)

N0
Oextromorafeide (A)

Tilidine (A)

Levoprosie (A)

Fentanyl (A)
014

N

Profadol (A)

Prodilidlne (A)

Sioeridln (P)
Figure 1. Structures of the compounds added to the design set
of Cammarata° The lower-case letters indicate the position
assignments relative to the pattern structure of Table L Ail the
compounds are analgesics except bipendin, which is an anti-
parkinsonian.

program: L.° and the University of Wisconsin sno.mis program."
Also, use was made of the Oregon State Statistical Interactive
Programming System (SIPS)° and the Oregon State Conventional
Aid to Research (OSCAR)."

Coding the Molecules. In one paper. Cammarata studied 43
compounds failing into six categories.° Of these. 42 were selected,
omitting the single antipsychotic drug promazine. To give a larger
selection of compounds, an additional eight analgesics and one
antiparkinsonian drug were selected from a text."' In this way,
a total of 51 compounds representing five relatively well-defined
classes were obtained. for an average of ten compounds per class.
The position assignments were made in accordance with Cam-
maraca* designations. In the case of the added compounds, the
positions were assigned by visually superimposing planar rep-
resentations of the structures on the pattern shown in Table I.
In most cases, the assignments were not ambiguous, and in those
cases where some question existed, assignment was made by
analogy to similar compounds in Cammarata's data set. Figure
I shows the structures and the position assignments of the ad-
ditional compound*. The relative molar refraction values were
used as defined by Cammarata.° As additional descriptor indite).
four fragment molecular connectivity indices were adopted for
use in this study.

(1) Vertex valence (8' or A) values were included as the man
basic numerical index of the connectedness of a given position.
They were calculated from the formula given by Kier.° By
convention for this study, those positions coded with zero for molar
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Table U. Correlation Matrix Showing Pairwiae
Comparisons of the Descriptor Indices'

MR MC, MC, MC,

MR
A

MC,
MC,
MC,

1.0 0.533
1.0

0.731
0.585
1.0

0.403
0.681
0.344
1.0

0.165
0.192
0.207
0.140
1.0

a The standardized values at each of the eight positions
on each of the 51 compounds were compared to the cor-
responding values for the other indices. The number of
points for each correlation is 51 x 8 = 408.

refraction, indicating the absence of a subetituent at the position.
were coded zero in as well. Another convention was to sum
the .1 values in those cases where a subgroup containing more
than one atom occupied a given position. Thus, a disubscituted
ethylene group -CC- in which each carbon has 3 w 3 would
be assigned an overall .1 value of 6. which makes it electronically
equivalent to an oxy group.

(2) Zero-order molecular connectivity (`Lt' or MC0) values
were calculated as k,1-1°). The same , values as calculated above
were used, and again the convention of zero was adopted for
missing substituenta. Although zero has physical significance and
is a computational possibility for values, a zero for any higher
order molecular connectivity term is undefined. In addition, zero
represents a break in the continuum of molecular connectivity
values; as one progresses from lower to higher levels of con-
nectedness. as represented by 1 the higher order molecular
connectivity terms approach 0. This value then implies infinite
connectedness and not the absence of connectedness. This is of
no consequence for classification problems, out it could have
significance in other types of structure-activity relationship
studies. An alternative to using zero for missing substituents
would be to leave the entry in the data cable blank, resulting in
an incomplete data vector. The use of incomplete observations
in discriminant analysis has been discussed by Kittler.° Most
available discriminant analysis packages do not have the capability
of dealing with missing data so it was decided to use zero entries
instead.

(3) First-order molecular connectivity (L.(' or MCI) values
can be defined for each bond in a structure joining atoms i and
j as 1.1,-.1,1-"2. For this report. :he NIC, value at a given position
was defined to be the sum of the MC, values of each of the bonds
joining the position. In cases of multiple atoms being considered
as a single position. the MC, term was simply the sum of the MC,
terms for each bond included in the substructure, with no bond
being counted more than once. The raw MC, values for the
compounds used in this study are shown in Table I.

(4) nigher -order molecular connectivity (^z" or MC,)
terms were calculated as the inverse root of the product of all
the A values at. and immediately adjacent to. a given position.
that is. all the values used in the calculation of the MC, term:
MC, w 1t)...( A,)1 "z. In this application, the order of a
higherorder term clearly depends on the number of adjacent
vertices. All higher order terms were grouped as a single variable.
and no attempt was made to distinguish among orders or to
separate the various types of higher order terms (e.g.. path, cluster,
etc.). although this can be done.2'

An initial examination of the raw data showed that molecular
connectivity indices in general appeared to differentiate better
among the various positions on the molecules than did molar
refraction. It was also noted that the values of MC, were much
smaller in magnitude than chase of the other indices. Conse-
quently, following the recommendation of VandeCeer.'s each of
the variables ii.e., positions) was standardized to a mean of 0 and
a variance of I. This process, which is sometimes called au-
toecallog, will not alter any of the classification results, since the
ordinal poetions of the points representing the observations do
not change with respect to each other.

A correlation matrix showing the relationships among the
various descriptor indices is seen in Table II. The coefficients
in this table are not large, indicating that, although the indices
may contain much the same information about toe structures,
the manner in which this information is expressed varies from
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Table 111. Positions Which Showed Constant Values
(i.e., Zero Variance) Within a Given Group

index

group MR O and MC, MC, MC

analgesics
antidepressants c e. f.

e. h
c, e, f, it, h c, h g, h

antihistamines
anticholinergics e

C C

antiparkinsomans a, d,
e. h

b, d. e, h b, h a.h

Table IV. F Values for the Decrease in Significance from
the Full Eight-Variable Models

index best 2 best 3 best 4 best 5

MR 3.3 (a, h) 3.2 (a, c, h) 1.4 (a, c,
e. h)

0.6 la, c,
d. e.

11.7 (c. h) 4.3 (c, g, h) 1.5 (b. c,
8. 8)

0.8 (b, e,
d, g, h)

MC, 13.2 (a. h) 5,0 (a. d, h) 2.1 (a. d,
e. h )

0.9 (a, c,
d, e. 8)

MC, 7.3 (a, h) 2.9 (a. c. h) 0.9 (a, b.
c, h)

0.4 (a, b,
e, f, h)

MC 10.1 (a, d) 4,0 (a. d, h) 1.8 (a. d,
e. h)

0 (a, d,
e, g, h )

df 3, 78 12, 104 16, 121 20, 132
2.75 2.36 2.15 2.02

4 A large F means a large decrease in significance.
Variables selected are in parentheses. The critical F.
values are given for comparison.
one index to the next. As is likely to be the case when only a
limited number of compounds are studied. it was found that some
of the variables within a given group showed zero variance, which
is a clear violation of multivariate normal assumptions iTable RD.
Rather than drop these variables at the beginning, which would
have been the most conservative approach. it was decided to keep
all the variables for the analyses and to rely on stepwise selection
procedures to remove the variables which did not contribute to
between-groups differences. In one sense, a constant variable
within a given group can be viewed as a perfect descriptor. if it
varies from group to group.

Results and Discussion
Selection of Significant Variables. Most discrimi-

nant analysis procedures have stepwise options for in-
cluding the most significant variable, and/or dropping the
least significant one. from a given set of variables. This
is necessary, since the inclusion of a sufficient number of
variables will guarantee good classification results, even
when no true differences exist among the groups. An
observation/variable ratio of 10 has been suggested by one
author, while others have recommended values ranging
from 2 to 20.12

A complete stepwise selection procedure was performed
for each of the indices, and every possible combination of
variables at a given subset level was examined to find the
combination of variables with the highest F ratio derived
from Wilk's 8. This all-subsets option is a part of the
MULTDIS program," but it was found that, with very few
exceptions, the best subsets selected by this procedure were
the same as the subsets that selected one variable at a time
by the 3PSS or snow programs. At each subset level it was
possible to teat for the loss of information from the full
eight-variable model. The results are summarized in Table
IV. There is clearly no loss of information in dropping
from eight variables to five. The lose at the four-variable
level is marginal, but it becomes significant at three
variables. Consequently, it was decided to use the best
four-variable subset in the discriminant analysis classi-
fication procedures as a basis for comparing the descriptor
indices.
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Table V. Variable Selection Table Showing the Five
"Seat" Five-Variable Models with the Associated
F Values'

variable

iciaexabcde
MR X

X

X

X
a

K
MC, X

K

MC, X
X
X
K
X

MC X
X
X
X

X
X X

X X
X x

X x
X x x x x
X x x x
X x X x x
X x x x x
X x x

x x x if

K X x
x x x x

X x
X x x

X x
X x x x
X x x
X x

X x
X x x x

X X X X
X X X

X X X
X X X X

6.01
5.88
5.87
5.49
5.49
9.26
9.01
3.98
3.36
3.07
3.45
7.89
7.69
7.54
7.24
9.18
3.67
3.57
3.56
3.49
5.81
5.68
5.48
5.45
5.27

Note that there are many nearly equivalent models for
each index, but selection of the four most significant
variables is easy.

Just as is the case in regression analysis. it is often found
in discriminant analysis that a number of combinations
of a given set of variables will show equal or nearly equal
levels of significance. This is illustrated in Table V. which
shows the five best live- variable subsets for each of the
indices. In each case, it is seen that there is virtually no
choice to be made among the various subsets. However,
it is easy to identify the four most significant variables as
being those which occur most frequently in the table. In
each case, the best four-variable subset selected in this
manner corresponds exactly to the subset selected by the
stepwise procedure. All this points to the validity of the
stepwise selection procedures in the SP3,3 and 3MDP dis-
criminant analysis programs.

Classification by Discriminant Analysis. The
concept of a discriminant function as the linear combi-
nation of a set of variables which best differentiates be-
tween two groups was Cult developed by Fisher.' Clas-
sification into one or the other of these groups can be
performed on the basis of the value the discriminant
function assumes for a given observation. In the case of
several groups, classification can be made on the basis of
so-called discriminant scores. This is termed linear
classification, and the assumption is made that the
within-groups dispersion is the same for all the groups.
This is the type of classification procedure that is used in
most discriminant analysis programs.

If the within-groups covariance matrices are not assumed
to be equal, a quadratic classification procedure will often
produce better results. Some discriminant analysis pro-
grams, such as the muurots and SAS programs." can
perform true quadratic classification. Simply including
all squared and cross-product terms in a linear discri-
minant function, although it results in an expression which
resembles the quadratic discriminant function, will not give
true quadratic classification results. There are, however.
a class of so-called "quadric- discriminant functions which
can be obtained by the input of squared and cross-product
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Table VI. Linear Test-Space Classification Results'

index variables

MR a, c, e, h
c, e, h

MC, a,d,e,h
MC, a, b, h
MC a, d, e, h

% correct

ordinary Lachenbruc.h

52.9 49.0
64.7 56.8
68.6 60.8
78.4 70.6
58.6 64.7

a Results were obtained in the space of the best four-
variable subset for each of the indices. The position
variables used are shown for each index. Results were ob-
tained using standardized variables with BMDP/M.

terms into a linear learning machine.'' These functions
are obtained by nonparametric pattern-recognition
methods, and they do not have any direct relationship to
the quadratic discriminant function.

Test Space Classification. When the classification
process is performed in the space of the original variables,
it is termed test space classification. The smoetm and
8MDO7M programs perform this type of classification.
Table VI shows the linear classification results obtained
using the best four-variable subset for each of the indices.
These results were obtained using the I3MDP7M program,
which has the option of classifying according to the La-
chenbruch holdout or "jacklmife" procedure." This allows
the classification of each observation on the basis of
discriminant scores calculated using the other N-1) ob-
servations. This reduces the bias caused by classifying an
observation according to rules which have been derived
from that observation. and the method seems to be the
best compromise for smail sample sizes.

The results in Table VI were obtained by assuming
equal prior probabilities for each of the groups. Speci-
fication of prior probabilities is necessary. since the actual
classification procedure follows a Bayes rule.3 It was found
in each case examined that the use of equal priors gave
classification results which were as good as, or better than.
those obtained using prior probabilities based on observed
group membership, which is another commonly used
technique. The use of equal priors reduces the linear
classification problem to a simple minimum distance
classifier. The results in Table VI indicate that the MCI
index is capable of differentiating better among the various
therapeutic classes than are the other indices.

Using the SIC, index as an example, it was found in
general that a large amount of overlap existed between the
anticholinergics and the antihistamines, while the anti-
depressants and the antiparkinsonian drugs, because of
the homogeneity in their structures, tended to be classified
correctly. Some specific examples of misclassification
could easily be rationalized, such as the classification of
cyproheptadiene, a tricyclic antihistamine, as an antide-
pressant or the classification of the phenothiazine anal-
gesic, levoprome. as an antihistamine. The specific linear
classification results are shown in the third column of
Table I.

Piecewise Linear Classification. One can take ad-
vantage of prior knowledge about group membership to
construct what amounts to several short discriminant
function segments in the immediate neighborhood of each
observation. These have been termed piecewise linear
discriminant functions.30 A common pattern- recognition
technique which simulates piecewise linear functions is the
K nearest-neighbor (KNN) method.' This method, which
can easily by implemented for sample sizes up to a few
hundred, classifies an observation according to the class
to which a majority of its K nearest neighbors in space
belong. The value of K may range from 1 to any number.
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tjr N N

Mnclizine (H)

rlsenzolate (C)

)fhexylverine (H)

9
of
t"'"

0
N

Mescals (A)

Melitracts (3)

Clemizole (C)

Asinocarsoftuorene (C)

Amosaoine (3)

Phenindamine (H) Ethohestazine (A)
Figure 2. Structures of the compounds in the test set.

but values below 10 are commonly used.
In practice, the simplest approach to KNN classification

is to prepare a distance matrix which contains the Eu-
clidean distance between each point and every other point.'
For each observation. this matrix is scanned to find the
K nearest neighbors to that observation. A "vote" is taken
among the neighbors. and the observation in question is
classified according to the majority outcome. In the case
of a tie. the observation can be classified into the group
showing the smallest aggregate distance from the obser-
vation.

It was felt that it would be interesting to compare the
five descriptor indices with each other, with respect to
performance in a simple KNN classification. Accordingly,
for each of the descriptor indices, the 51 compounds were
subjected to two KNN classifications. First, results were
obtained using all eight of the position variables. Then.
similar results were generated using the best four-variable
subset used previously for the discriminant analyses. For
all eight variables, the classification results were virtually
the same for each of the indices, for values of K up to 10.
Between 60 and 70% were correctly classified in each case.
When only the four most discriminating variables were
used, the MCI index was clearly superior to the others, in
terms of correct classifications. This is shown in Figure
3. which plots the percent correct classification vs. the
number of nearest neighbors used in the analysis.
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K
Figure 3. K nearest-neighbor classification results for each of
the indices. The best four-variable subset was used in a simple
KNN classification process using the values of K indicated. The
results for K s 2 are. by definition. the same as those for K =
L The indices used were molar refraction lea), .1 0), MC, i0).
MC, 4). and MC, (n). For this set of compounds. the MC, index
uniformly gives better classification results for any values of K
greater than 1.

Reduced Space Classification. An alternative in-
terpretation of the term discriminant function can be
derived from the eigenvalues and eigenvectors of the
matrix formed by dividing the between-groups sum of
squares matrix B by the within-groups sum of squares
matrix W. The eigenvalues of this W-'13 matrix. like those
derived in a principal component analysis. account for the
variance represented by the sum of the diagonal elements.
or trace, of W-1B. The elements of the associated ei-
genvectors. when appropriately normalized are considered
the coefficients of another form of discriminant function.
In fact, they define the linear combinations of the variables
which best differentiate among all the groups, rather than
just a given pair of groups. Using standardized variables.
it is found that the magnitude of the coefficient of a given
variable in such a linear combination is proportionai to the
contribution of the variable to the between - groups vari-
ation.

Some authors prefer to term these linear combinations
the canonical discriminant functions.32 Fork groups and
p variables, a maximum of Ai - 1 or p functions can be
derived, whichever is smaller. The canonical discriminant
functions are most useful for reducing the dimensionality
of the data and for graphical presentation. The space of
the canonical discriminant functions is termed the reduced
discriminant space, and classification can be performed
in this space, just as in the space of the original variables.
Using all the canonical discriminant functions gives linear
classification results which are identical to the results
obtained in the test space.L7 It is often found that not all
the canonical functions are statistically significant. Re-
ducing the number of functions will sometimes result in
poorer classification results. but it reduces the compu-
tations necessary and it makes the points easier to visu-
alize.

Unlike the 35113P7M program, which performs linear
classification in the test space, the sPS8 discriminant
program performs classification in the reduced space of
the canonical discriminant functions. Table VII sum-
marizes the canonical discriminant functions that were
derived for the MCI index, using the variables a; b. c. and
Is Since the variables were initially standardized, the raw
and the standardized discriminant function coefficients
were the same.

For the MC, index, the first three canonical discriminant
functions account for over 96% of the between-groups
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Table VII. Derivation of the Canonical Discriminant
Functions Which Maximize W''B for the MC, Index

function

1 2 3

variable
2.098 -0.161 -0.511 0.237
0.425 -0.563 0.124 0.977

-0.393 -0.192 -1.114 0.060
h 0.609 -1.270 -0.205 -0.316

eigenvalue 3.534 0.843 0.216 0.130
% of trace of W-'13 73.9 17.6 3.8 2.7
Wilk's A 0.083 0.376 0.694 0.885

signif
group centroids in

reduced space
analgesics

0.0

0.356

0.0

-1.650

0.2

-0.004

1.3

-0.046
antidepressants 4.439 0.664 -0.361 0.158
antihistamines 0.061 0.527 0.707 -0.384
inticholinergics -1.447 0.403 -0.520 -0.069
antiparkinsonians -1.103 0.252 0.548 0.826

Figure 4. Plot of the design set compounds in the space of the
first three canonical discriminant functions of the variables a,
b. c. and h using the MC, index. Multiple observations at a single
point are not shown. and the enclosed regions are only ap-
proximations of the within-groups dispersions. The groups are
analgesics (Al. antidepressants ,D), antihistamines a HI, anti-
cholinerincs iC), and antiparkinsonians P).

variation in the data. A plot of the compounds of Table
I in the space of these canonical discriminant functions
is seen in Figure 4. Approximate dispersions of the groups
are also shown. The group centroids lie at the centers of
these dispersions. For linear classification, the boundary
between any two groups is simply the plane perpendicular
to the line segment joining the centroids of the two groups.
Points on one side of the plane are classified into one group
and those on the other side into the second group. For
each of the five descriptor indices. it was found that the
first three canonical discriminant functions accounted for
over 95% of the between-groups variance. Ordinary linear
classification in reduced three-space gave the classification
results shown in the first column of Table VIII.

Quadratic Classification. An examination of Figure
4 suggests that the various therapeutic classes, at least for
the MCI index, are not dispersed to the same degree in
space; that is. their within-groups covariance matrices are
not equaL In such a case, the optimal classification
procedure is by a quadratic discriminant function.' This
requires the inversion of the within-groups matrices. For
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Table VIII. Reduced Space Classification Results Using
the Three Moat Significant Discriminant Functions'.

index

MR
a
MC,
MC,
MC,

ba correct

linear
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Table IX. Quadratic Reduced Space Classification
Results for Test Compounds°

OM*
probable class'

quadratic compoundb class highest lowest

52.9
66.7
64.7
70.6
66.7

60.8
76.4
74.5
82.4
70.5

Lineu results were obtained using the SPAS discrimin-
ant program; quadratic results were obtained using
MULTDIS.

each of the indices in this study, using the original
four-variable subsets, there was at least one therapeutic
category for which the inverse of the covariance matrix was
not defined, due to zero variance of one or more of the
variables (Table III). Consequently, quadratic classifi-
cation could not be performed in the space of the original
variables.

It was found, however, that nonzero covariance matrices
could be obtained in the space of the first three canonical
discriminant functions. When quadratic classification was
performed in this reduced space. using the MULTDIS
program, the results shown in the second column of Table
VIII were obtained. As expected, there is improvement
in the classification results for each of the indices. The
specific classification results for the NIC, index are shown
in the fourth column of Table I. The best results were
obtained using the MC, index, which is consistent with all
the other classification results.

Validation of the Results. It is common practice in
classification problems to validate the classification
equations or the discriminant functions by classifying a
test set of observations. This test sec may be a subset of
the original design or learning set or it may include
completely new compounds. It was decided to use both
of these approaches in validating the quadratic reduced
space classification procedure for the N1C1 index. since this
was the classification method which gave the best results
using the design set of compounds.

Random sampling of all the compounds in the design
set was performed using a random-number generator. A
sample set of ten observations was selected, without re-
placement, from the full set of 51 compounds. The sample
so obtained was subjected to the same quadratic classifier
which generated the results in Table VIII. This procedure
was repeated five times. This gave classification results
of 7/10, 8/10, 8/10. 6,10, and 9/10 correct. which average
to 76%. This is comparable to the quadratic result noted
in Table VIII for the MC, index.

A test set of ten compounds not included in the original
analysis was selected. The structures and position as-
signments of these compounds are shown in Figure 2, A
quadratic classification using the first three discriminant
functions of the MC, values at positions a, b. c, and h gave
the results shown in Table DC. It is seen that only six of
the ten were correctly classified, for the misclassified
compounds, the second most likely group was the correct
group in only one of the four instances. These results
indicate that the quadratic classifier which was used,
although it was the beat for the design set of compounds.
was not necessarily optimal for more general use.

Conclusions. It is clear that discriminant analysis can
be used for the multigroup classification of drugs into
therapeutic categories, based on structural features.
Furthermore, fragment molecular connectivity values, and
in particular rust-order molecular connectivity terms. have
been shown to perform better as descriptors of molecular

ruclizine H H C P AD
melitracin D D H A P C
parapenzolate C C P AHD
cletnizole C H*CP AD
dihexylverine FICP AHD
aminocarbo- C C P A D H

tluorene
nefopam A H. C P A D
amoxapine D D H AP C
ethoheptazine A CP AHD
phenindanune H H C P AD

The first three canonical discriminant functions of
the positions a, b. c, and h. using the MC, index, were
used. Equal prior probabilities of group membership
were assumed. h Structures are shown in Figure 2; group
codes are as before. Asterisks indicate misclassifications.

features when applied to a particular classification problem
than relative molar refraction values. Other results, ob-
tained with steroids and phenylethylamines. have con-
firmed this conclusion." Indeed, it is likely that classi-
fication problems may well be one of the more appropriate
uses of molecular connectivity indices, since the values are
derived directly from the structures of the molecules they
represent.

Some shortcomings of the approach used in this report
should be addressed. Foremost, of course, is the method
of assigning the variable positions on the molecules.
Although some data handling programs, like the PROPHET
system.° are capabie of accepting and manipulating
structural. rather than numerical. input, such systems are
not yet widely available. The classical approaches to
quantitative medicinal chemistry have evolved around
decision-theoretic processes in which the variables have
always been assigned. either directly or indirectly, by the
researcher. The problem of superimposing a chemical
structure on a given pattern is part of the essence of
medicinal chemistry. The eventual solution of this
problem by computer methods is far from trivial: it may
in fact require the use of so-called syntactic methods of
pattern recongnition.4 Until this problem can be effi-
ciently resolved it is likely that the experience and intuition
of the researcher will have to guide the assignment of
positions on the molecules. No attempt was made in the
course of this work to change or to optimize the initial
assignments once they were made.

Of course, an alternative to assigning specific position
variables would be to use whole-molecule molecular
connectivity values as variables. This approach was not
used here, since it was desired to compare the discrimi-
nating power of molecular connectivity indices directly
with that of molar refraction values. The use of whole-
molecule values would allow consideration of higher order
path, cluster, and chain terms as separate variables. This
would give a wide variety of values with which to work.
Since the cost of calculating higher order connectivity
terms increases with order, these terms would be logical
candidates for sequential pattern-recognition techniques
in which the ease or coat of measurement of the variable
is considered, as well as the information it contains."

One characteristic which parametric and nonparametric
classification procedures share alike, especially if the design
set is small, is a strong dependence on the data This is
evidenced by the relatively poor performance of the
quadratic classifier on a completely new test set of
compounds. This does not reduce the validity of the
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method, especially with regards to comparing the indices
as to discriminatory power. As the design set grows in size.
provided the assumption holds that there exists a sys-
tematic relationship between the therapeutic category and
the variables being used, classification results for teat
compounds would be expected to improve.

The compounds in this study, though they spanned a
wide variety of therapeutic classes, were fairly similar in
structure; most were diphenylmethyl-based compounds.
Also, the therapeutic categories were highly simplified, and
much overlap existed. Although it was clear that some of
this overlap was reflected in the classification results, no
systematic study of this phenomenon was performed. Such
a study could serve as further validation of any classifi-
cation technique. especially if the calculated order of
classification 'e.g., Table IX) matched to some extent the
observed order of therapeutic usefulness. Similarly, a
potential exists for identifying possible side effects,
provided such side effects are related to the structural
variables selected.

Finally, the use of a statistical classification procedure
like discriminant analysis invites a comparison with
nonstatistical method of pattern recognition. The single
nonstatistical method used in this report, the KNN
analysis, produced classification results which were not
very different from those obtained using discriminant
analysis. This may not be true for other data sets, or even
for other pattern-recognition techniques when applied to
the compounds studied here. It does seem that the use
of molecular connectivity indices in pattern-recognition
research is worthy of greater attention.
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ABSTRACT

The use of molar refraction and several fragment

molecular connectivity indices as position variables in the

classification of 46 steroids into five therapeutic

categories was investigated. Linear and quadratic

discriminant analyses were performed using points in the

test space of the original variables and in reduced

discriminant space. Little difference was noted among the

classification results for the various descriptor indices

in the linear classification schemes. The results indicate

however, that higher-order terms, and especially first

order molecular connectivity, are more suitable for

quadratic discrimination, where better classification

results can be obtained. Validation procedures were

performed using a completely different set of steroids.

The results were not as good as those obtained with the

learning set compounds, but they still suggest that

molecular connectivity can play a valuable role in

classification problems.
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INTRODUCTION

The use of multivariate statistical methods is

becoming more common in pharmacology and medic inal

chemistry (1,2) . Cammarata (3) and Menon (4) have reported

the use of pr incipal components analysis for the

preprocessing of descriptor variables pr ior to the

classification of molecules by pattern recognition

techniques. Dunn, Wold, and Martin have demonstrated the

value of disjoint pr incipal component models in treating

classification problems as well (5,6) . Similarly, the use

of traditional discriminant analysis techniques has been

reported by Martin (7) , Pr akash (8) , and Dunn (9) .

Most of the applications of discriminant analysis to

date have involved the classification of compounds into one

of a given pair of therapeutic categories. This binary

classification problem does not take advantage of the

ability of discriminant analysis techniques to handle

mul tig roup classification, or to perform quadratic

prediction. In addition, most workers have reported the

use of conventional physicochemical properties as

descriptors (7,9) , or have used binary environment

descriptors to specify the presence of a particular

substituent or fragment, as in a Free-Wilson analysis (10) .

Each of these approaches has shortcomings. Some

physicochemical descriptors, such as the relative molar
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refraction values of Cammarata (3) , show too little

specificity in describing aliphatic and alicyclic systems,

since the molar refraction of carbon is essentially a

constant. Also, the use of binary descriptors is not

entirely appropriate for classical discriminant analysis

techniques, since these methods rely on continuous,

normally distributed variables (11,12).

Some descriptors which do not share these particular

disadvantages include the Randic branching index (13) , the

topological index of Cammarata (14), and the molecular

connectivity (MC) indices of Kier and Hall, which can be

calculated for whole molecules, or for substructural

fragments (15). MC indices have been shown to correlate

with many traditional physicochemical properties (16), and

with biological activities as well (17). These indices can

be calculated from the conventional planar representation

of a molecule, or from the connectivity matrix of the

structure (18). The capability of uniquely representing

substructural fragments should make MC indices well suited

for pattern recognition and classification purposes. The

use of whole-molecule values has been reported (10), as has

the use of fragment values in the classification of a

number of diphenylmethyl-based structures (19). It is the

purpose of this report to compare molar refraction with

several fragment MC indices in the classification of a

number of predominantly aliphatic and alicyclic structures,
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using linear and quad ratic disc riminant analysis

procedures.

The steroids were selected for study. They represent

a group of d rugs which show diverse and well defined

therapeutic uses. At the same time, these compounds show

relatively subtle changes in structure, at least with

respect to the positions internal to the parent molecule.

It is true that most researchers could correctly classify

the common steroids at sight by noting the nature and

location of substituents such as carbonyl and hydroxyl

groups. When the presence of such substituents is only

indirectly implied by a change in the value of some

numerical index, and when the interrelationships among

several positions must be considered, the problem becomes

ideally suited to the appl ication of discriminant analysis.

EXPERIMENTAL

Calculations were performed using the University of

Wisconsin MULTDIS program (12) , the BMDP7M (20) , and the

SPSS (21) discriminant analysis programs. Using structural

variety as the criterion, a to tal of 46 steroids and

steroidal compounds fall ing into five therapeutic

categories were selected. These are listed in Table I, and

the structures can be found in standard references (22-24) .

In each case, the structure which was used represented the



Table I. Paw MCI Values of the Compounds tiscd in the Ai ta Positions were assittlicAl by suvertivosing

the structure of the colvound 011 the E...Altern structure shown.

No. Compound
a

Classification

True Lin.b Oluad.c a b c d

Position

e f 9

1. Diethylstilbesterol E E E 0.801 0.622 0.827 0.707 1.061 0.827 0.622 0.622 0.801 0.224

2. Dienestrol E E E 0.001 0.622 0.827 0.577 0.204 0.827 0.622 0.622 0.801 0.224

3. Nethallestril E E E 0.781 0.027 0.827 0.622 0.707 1.105 1.115 1.000 0.854 0.781

4. benzestrol E E E 0.801 0.622 0.866 0.707 1.115 0.866 0.622 0.622 0.801 0.224

5. Praoethestrol E E E 0.742 0.577 0.066 0.707 1.115 0.066 0.622 0.622 0.781 0.408



Table I (Continued)

No. Canpounda

Classification
d

True Lin.b Cod.b a

Position

6. Estradiol 0.001 0.892 0.027 0.854 0.908 1.030 1.431 0.908 0.955 0.258

7. Estrona E 0.801 0.892 0.827 0.854 0.900 1.030 1.392 0.854 0.808 0.204

8. Estriol E 0.801 0.892 0.827 0.854 0.908 1.030 1.431 0.999 0.880 0.258

9. Eguilin 0.001 0.092 0.827 0.854 0.908 1.030 1.392 0.854 0.008 0.204

10. Egilinin 0.001 0.027 0.789 0.622 0.054 0.906 1.392 0.854 0.808 0.204

11. Progesterone C P 0.u46 0.092 1.392 0.854 0.908 1.030 1.392 0.854 1.077 0.954

12. 17-u-Nydroxyproges-
terone C P 0.846 0.892 1.392 0.854 0.908 1.030 1.392 0.854 1.077 0.954

13. Modroxyprogesterone C P 0.846 0.827 1.392 1.274 0.908 1.030 1.392 0.854 1.077 0.954

14. Dihydroprcgesterone C P 0.046 0.827 1.392 0.622 0.908 1.030 1.431 0.908 0.986 0.933

15. Ethisterone A A 0.046 0.827 1.392 0.622 0.908 1.030 1.431 0.908 0.986 0.993

16. Norethindrone A A 0.846 0.892 1.392 0.854 0.908 1.030 1.392 0.854 1.077 0.224

17. Norethynodrel P A 0.846 0.931 1.030 0.854 0.908 1.030 1.392 0.854 1.077 0.224

18. Dimethisterone A A 0.846 0.931 1.030 0.854 0.908 1.030 1.246 0.054 1.077 0.224

19. Norgestrel A A 0.846 0.931 1.030 0.854 0.908 1.030 1.246 0.854 1.077 0.224

20. Ethynodiol 11 P 0.999 0.931 1.030 0.854 0.908 1.030 1.392 0.854 1.077 0.224

21. Testosterone A A 0.1146 0.892 1.392 0.054 0.908 1.030 1.430 0.900 0.955 0.250

22. u-Menyltestosterone A A A 0.046 0.892 1.392 0.054 0.908 1.030 1.392 0.854 1.327 0.224

23. Coquetholone A A A 0.008 1.105 1.430 0.908 0.900 1.030 1.392 0.854 1.327 0.224



Table I (Continued)

No. Ccupound
a

Classification)

True Lin.b Onad.c a b c d

Position

e f y h

24. Nandrolone A P A 0.846 0.931 1.030 0.854 0.908 1.030 1.431 0.908 0.955 0.258

25. Druuostalone A A A 0.846 1.105 1.431 0:908 0.908 1.030 1.431 0.900 0.955 0.258

26. Stanozolol A A A 0.827 1.105 1.431 0.908 0.908 1.030 1.392 0.854 1.327 0.224

27. Ethylestrenol A P A 0.908 0.931 1.030 0.854 0.908 1.030 1.392 0.854 1.181 0.224

28. Methandrostenolone A A A 0.781 0.892 1.327 0.854 0.908 1.030 1.392 0.854 1.327 0.224

29. Oxandrolone A A A 0.762 1.105 1.431 0.908 0.908 1.030 1.392 0.854 1.327 0.224

30. Hydrocortisone C C C 0.046 0.931 1.030 0.854 1.000 1.030 1.392 0.854 1.077 0.808

31. Prednisone C C C 0.781 0.892 1.327 0.854 0.846 1.030 1.392 0.854 1.077 0.800

32. Meihylprednisolone C C C 0.781 0.827 1.327 1.274 1.000 1.030 1.392 0.854 1.077 0.808

33. Trimucinolone C C C 0.781 0.892 1.289 0.854 0.955 1.030 1.392 0.955 1.012 0.808

34. Fluorandrenolone C C C 0.781 0.827 1.327 0.567 1.000 1.030 1.392 0.955 1.012 0.808

35. Dexamethasone C C C 0.781 0.892 1.288 0.854 0.955 1.030 1.392 1.274 1.012 0.800

36. Paramethmsone C C C 0.701 0.827 1.327 0.567 1.000 1.075 1.030 1.274 1.051 0.008

37. Flumeth.asone C C C 0.701 0.827 1.283 0.567 0.955 1.030 1.392 1.274 1.012 0.808

38. Fluprednisolone C C C 0.701 0.827 1.327 0.567 1.000 1.030 1.392 0.854 1.077 0.800

39. Haleinolona C C C 0.846 0.027 1.354 0.854 0.955 1.030 1.392 0.955 1.012 0.801)

40. pigitoxigenin II II H 1.052 1.105 1.431 0.900 0.908 1.116 1.392 0.900 0.986 0.931

41. Digoxigenin H H II 1.052 1.105 1.431 0.908 0.016 1.116 1.193 0.908 0.986 0.931

42. Gitoxigenin 11 11 II 1.052 1.105 1.431 0.900 0.908 1.116 1.392 0.999 0.911 0.931



Table I (Continued)

No. Cunpounda

Classificationd

True Lin.b Quad.c abed Position

e f g h

43. Ouabagenin. H H II 1.052 1.181 1.101 0.654 0.999 1.116 1.392 0.908 0.986 0.931

44. Strophanthidin II II II 1.052 1.181 1.161 0.054 0.900 1.116 1.392 0.908 0.986 0.931

45. Proscillaridin H II II 0.927 0.892 1.392 0.854 0.908 1.116 1.392 0.900 0.986 0.781

46. Bufogenin 11 II II II 1.075 1.105 1.431 0.908 0.908 1.116 1.392 0.977 0.911 0.666

MEAN 0.853 0.900 1.196 0.835 0.912 1.029 1.310 0.892 1.016 0.538

S.D. 0.090 0.141 0.234 0.162 0.121 0.056 0.227 0.131 0.147 0.324

aStructures for all these CCAIIVOUndS can be found in Ref. 19 , 29, or 30.

LIAmear test-space classification results using the lachenbruch holdout method; position variables a,b,c,i,

and j were used.

eQuadratic classification results in the space of the first three canonical dis6rhninant functions of the

variables a,b,c,i, and j. Results are by an original sample method.

dE = estrogen, P.=progestagen, C = corticosteroid, A = androgen, 11 = cardiac steroid.
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underivatized form of the molecule (i.e., the aglycone

portions of cardiac steroids and the alcoholic portions of

esters and ketals) . A pattern structure, shown in Table I,

was designated, and ten Positions on this structure were

selected so as to include a majority of the points which

showed changes from one learning-set molecule to the next.

Then, by superimposing each of the learning-set compounds

on the pattern, ten positions were assigned to each

compound. Each of these positions was coded with the

numerical value of a descriptor index. Relative molar re-

fraction values were assigned as defined by Cammarata (3).

For comparison with molar refraction, four fragment MC

indices were selected as position descriptors: 1) valence

connectedness values ( 0 or simply Delta) , 2) zero-order

0
1 \.)

MC ( X or MC
0
), 3) first-order MC (1 or MC1) , and 4)

n v
higher-order MC ( X or MC n) . The calculation of each of

these indices is shown in the Appendix. For each of the

five descriptor indices the values of each position

variable (a through j_) were standardized to a mean of zero

and a standard deviation of one. In this way, the results

obtained using the MCn index, which showed values of small

magnitude, could be compared directly to the results

obtained using the other indices.

Table I shows the raw values for each of the position

variables using the MC1 index. It was found that this

index generally gave prediction results which were superior
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to those obtained using the other descriptors;

consequently, detailed statistical results will be given

for this index only. Table II shows a correlation matrix

which compares the descriptor indices using all the points

for all the compounds. Except for Delta and MC0, there is

not much correlation. The correlation between Delta and

MC
0

is to be expected, considering the inverse root

relationship between the two.

An all-subsets method of variable selection was

employed to choose the combination of variables which

showed the highest level of significance based on Wilk's

Lambda (12). Various authors have suggested

observation-to-variable ratios ranging from two to twenty

(25,26), and it was felt that a value near ten would be

adequate for this study. Table III summarizes the results

of the variable selection procedure. For each of the

descriptor indices, the loss of information about

between-groups differences did not become significant until

the number of position variables dropped below five.

Accordingly, the most significant five-variable subset was

selected for each descriptor index, as a basis for

evaluating its discriminatory power.

Not surprisingly, considering the small sample size,

it was found that some of the position variables showed

zero within-groups variation for certain of the therapeutic

classes. This was minimal for the MC1 and MC n
indices.
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Table II. Correlation Matrix of Pairwige Comparisons
Between the Various Indices.

Index

MR Delta MC0 MC
1

MC
n

MR 1.0 -.679 0.663 -.202 0.620

Delta 1.0 -.983 0.005 -.475

MC
0

1.0 0.007 0.661

MC
1

1.0 -.124

MC
n

1.0

a,,iach correlation represents 10 positions x 46 compounds

or 460 values.



Table III. Variable Selection Table Showing Fa Values for the Decrease in Significance
From the Full Ten-Variable Model.

Variable Subset Level

Index 3 4 5 6

MR F = 10.5(f,h,j) 4.9(d,f,h,j) 2.7(d,f,g,h,j) 1.4(d,e,f,g,h,j)

Delta 14.2(e,f,j) 6.9(e,f,i,j) 3.5(e,f,g,i,j) 1.6(e,f,g,h,i,j)

MC
0

19.3(e,f,j) 7.9(e,f,g,j) 4.1(d,e,f,g,j) 2.1(d,e,f,g,i,j)

MC
1

4.8(a,c,j) 2.2(a,c,i,j) 1.3(a,b,c,i,j) 0.7(a,b,c,g,i,j)

MC
n

14.9(e,f,j) 5.4(d,e,f,j) 2.6(d,e,f,g,j) l.l(d,e,f,g,i,j)

d.f. 12/90 16/105 20/114 24/119

2.39 2.18 2.04 1.95F
0.01,crit

a A large F value implies a significant loss of information at the given subset level.
b The position variables shown were selected by an all-subsets stepwise procedure

which selected the best combination based on Wilk's Lambda. Positions in
parentheses refer to the pattern structure in Figure 1.
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Although a lack of within-groups variance violates certain

assumptions that are made in the discriminant analysis

process, it was decided to retain these variables in the

study. One consequence of constant measurements within a

given category is that the within-groups covariance matrix

cannot be inverted; this makes quadratic classification

impossible in the space of the original variables. This

may not be the case for classification in a reduced

discriminant space, as will be shown.

It is interesting to note that the positions which are

usually considered important in determining the nature of

steroid activity, namely positions a (C-3), e (C-11) , and i

(C-17) were among the variables which were selected for

many of the MC models. Such was not the case for molar

refraction. In addition, the MC1 index was unique in

selecting positions on the A ring of the steroid nucleus

(Table III).

Classification laz Discriminant Analysis. Three

classification procedures which utilize discriminant

functions were investigated: 1) linear test-space

classification, 2) linear reduced-space classification, and

3) quadratic reduced-space classification. Discussions of

linear and quadratic methods can be found in most

multivariate statistics texts (27-29). In general, linear

methods make the assumption of equal within-groups

covariance matrices, and linear or planar boundaries are
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constructed to separate the various groups of compounds.

In quadratic classification, the within-groups covariance

matrices are not considered equal, and curvilinear

boundaries can be calculated. Quadratic resul is are

usually better than those obtained by linear methods,

although one must be careful with small sample sizes (30).

The results of linear classification in the test-space

of the best five-variable subsets for each of the indices

are shown in Table IV. Also shown are the results using

the Lachenbruch hold-one-out method, which classifies an

compound on the basis of rules derived using only the other

(N-1) compounds (31). The figures in Table IV suggest that

MC1 and MC
n
do a slightly better job of classifying the

compounds, than do the other indices, al though the

differences are not very large. The specific linear

classification results for the MC1 index are shown in Table

I.

An alternative approach to discriminant analysis

involves the calculation of canonical discriminant

functions, which are the combinations of the original

variables that maximize the differences among all the

groups, rather than a given pair of groups, as with linear

discriminant scores. Table V shows the coefficients and

measures of significance for the canonical discriminant

functions of the MC1 index. The differences among the five

therapeutic categories can be adequately accounted for by



Table IV. Summary of the classification results. Values are
correctly classified using a given procedure.

the percent of observations

Test Spacea,e Reduced Spaced

Index Linear b Holdoutc Linear Quadratic

MR 76.1 69.6 73.9 __e

Delta 84.8 63.0 84.0 __e

MC0 78.3 67.4 84.8 __e

MC
1

82.6 69.6 82.6 89.1

MCn 80.4 76.1 80.4 82.6

aClassification performed in the space of the best five-variable subset selected in
Table III.

bBased on the original sample method.

ceased on the Lachenbruch hold-out procedure.

dClassification performed in the space of the first three canonical discriminant functions
of the best five-variable subset.

eQuadratic classification results could not be obtained due to singularity of one or more
of the within-groups covariance matrices.



Table V. Canonical Discriminant Functions of the Best Five-Variable Subset of the MC 1 Data.
a

1

Function

2 3 4

Percent of Total
Discriminatory

Powerb

Variables

a 0.853 -.436 -.406 0.549 34.3%

b 0.008 0.095 -.167 -.727 6.8

c 0.470 0.465 -.067 -.054 28.0

i 0.182 0.593 0.272 0.497 16.9
j 0.107 -.483 0.853 -.030 14.0

Eigenvalue 11.0 2.8 1.1 0.2

Percent of Traced 74.8 17.7 6.8 0.8

Significancee .0 .0 .0 .1

Group Centroids f

F.STR . -1.682 -0.912 -0.434 -0,042
PROG 0.245 0.194 -0.009 0.203
ANDR 0.197 1.565 -0.514 -0.112
COAT -0.280 0.138 1.061 -0.077
CARD 2.190 -1.183 -0.221 -0.092

a The functions were obtained using standardized values of the variables, so the magnitude
of the coefficient of a particular variable is a measure of the importance of the variable
to between-groups differences.

hValues determined by summing the coefficients in all four discriminant functions and

finding the proportion corresponding to a given variable.

ePosition variables refer to the structure shown in Table 1.

dValues are the percent of the trace of W-113 where W is the pooled within-groups sum-of-
squares matrix, and D is the between-groups sum-of-squares matrix.

eSignificance of a x2 statistic testing whether the given eigenvalue equals zero.

EThe first three discriminant functions correspond to the axes In Figure 1.
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the first three canonical functions; that is, the MC1 data,

at least considering the group centroids, is really only

three-dimensional in nature, not five. A plot of the 46

compounds in the space of the first three canonical

functions is seen in Figure 1.

For each of the other indices, only the first three

canonical discriminant functions were found to be

significant. When linear classification was performed in

the reduced space of these functions, the results shown in

the appropriate column of Table IV were obtained. Here

again, as wi th the test-space resul ts, there is little to

choose among the indices as far as linear results are

concerned. The MC indices have, as a group, performed

slightly better than molar refraction.

The distribution of the points in Figure 1 suggests

that some inequality of dispersion exists for the MC1

index. The cardiac steroids, for instance, form a more

compact and homogeneous group than do the androgens. This

effect was found to be more pronounced for some of the

other descriptor indices. Accordingly, it was decided to

attempt quadratic classification for all of the indices in

the reduced space of the first three canonical dicriminant

functions.

Using the MULTDIS program, results were obtained which

are shown in the last column of Table IV. Due to the

singular ity o f some of the within-groups covariance
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matrices even in the reduced discriminant space, quadratic

results could not be obtained for the Delta, the molar

refraction, and the MC
0

indices. The results for the MC1

and MCn indices are clearly improved over those obtained by

linear classification. Some bias must be considered to

exist, since these results reflect original-sample, rather

than holdout results.

Using the MC1 index, almost 90% of the learning set

compounds are correctly classified. The errors in

prediction are confined to the progestins, where it is seen

that five of the compounds were misclassified as androgens.

The structures of the misclassified compounds show a high

degree of similarity to the typical androgens, such as

testosterone. This is especially true for the positions

which were used in the MC1 analyses. It is likely that

these compounds are not separable in the reduced

discriminant space, in which case no classification

procedure based on group centroids could classify them

correctly.

Test Set Classification. The process of classifying a

learning set of compounds may not be indicative of the

future performance of the classification rules which have

been derived. It is a common practice to validate the

classification rules with a test set of structures which

were not involved in the initial calculations. To do this,

a set of nine steroids was taken from a brief review



76

article (32). The structures are shown in Figure 2. Many

of these compounds have rather unusual structures. Each

compound was superimposed on the pattern of Table I, and

the positions a, b, c, i, and 1 were assigned. The values

of MC1 were calculated for each of these positions and were

standardized using the means and standard deviations in

Table I. The compounds were then subjected to linear and

quadratic classification in the space of the first three

discriminant functions. The results are shown in Table VI.

For both the linear and quadratic methods, three of

the nine test compounds were misclassified. Two of the

same compounds were misclassified by both methods. While

these results are much better than would be expected by

chance, they indicate that the classification rules derived

from the learning set are data-dependent. This is a

characteristic common to most classification schemes. It

is reasonable to expect that as the learning set is made

larger and more representative, the results obtained with

test compounds would improve.

CONCLUSIONS

In the past, structural classification methods have

been criticized on the basis if a lack of variety in the

learning set (33). Also, statistical classification

procedures have recently been censured for exaggerating



Figure 2. Structures of the compounds in the test set.

From Ref. 32.
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Table VI. Classification of Test-set Compounds.
in Figure 2.

Structures of the compounds are shown

Compound a

Raw MCI Valuesa

3

True

Classb
Calculatedc

Linear Quadratic

I 0.781 0.892 1.209 1.012 0.000 C C C

II 0.743 0.709 1.392 1.012 0.808 C C C

III 0.658 0.750 1.354 0.000 0.204 C EA P"

IV 0.781 0.827 0.027 1.116 0.224 E P"

V 0.001 0.622 0.066 0.955 0.258 F.

VI 0.046 0.827 1.030 1.116 0.954 CA

VII 0.700 1.105 1.431 0.955 1.213 A CA PA

VIII 1.075 1.105 1.431 1.030 0.666 II H

IX 1.052 1.105 1.431 0.986 0.931 it II II

aPositions refer to the pattern structure in Table 1. The five positions represent
the best five-variable subset for the MCI index (Table 3).

bClasses are corticosteroids (C), estrogens (E), progesterones (P), androgens (A),
and cardiac steroids (H).

cResults obtained by classification in the space of the first three discriminant functions
of the five position variables (Table 7). Compounds with an (A) are misclassified.
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between-groups differences (34). Nevertheless, it is

evident that traditional discriminant analysis is still a

valid and practical tool for determining which of many

possible variables and descriptors are truly indicative of

the class membership of a chemical structure, and for

predicting the membership of test compounds. This is

especially true since the software for d isc riin inant

analysis is currently more standardized and more available

than that for most other methods of pattern recognition and

classification.

The use of a number of fragment MC indices as

descriptors of some aliphatic and alicyclic structures has

been demonstrated in this report. The results suggest that

first-order and higher-order indices contain information

that is relevant to between-groups discrimination, and that

this information is suitable for more sophisticated types

of analysis, like quadratic discrimination. Of course, the

more usual interpretation of molecular connectivity is in

terms of the entire structure of the molecule (15). By

definition, each of the fragment values calculated here

makes some contribution to an overall MC term. An

alternative use of fragment values, at least for second-

and higher-order terms, would be to sum all the possible

fragment values of a given order which contain the position

of interest. This would provide a much greater variety of

descriptors for each position, but the calculations would
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best be carried out as part of the computation of

wholemolecule terms. In this context, a number of path,

cluster, and chain terms of varying orders can be used a

molecular descriptors. Also, the highly subjective process

of assigning positions by superimposing compounds on a

template structure can be avoided. The use of this

approach is currently being investigated.
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ABSTRACT

An investigation was made into the use of a number of

pattern recognition methods for the classification of a set

of steroids into five therapeutic categories. First-order

fragment molecular connectivity values were determined for

ten positions on each molecule using a template-based

method of position assignment. Learning set and test set

classifications were performed. Although the numbers of

compounds misclassified were comparable for all the

methods, the identities of the misclassified compounds

varied depending on whether the method of classification

assumed a local or a global view of the data. The best

classification results were found to be comparable to those

obtained by linear and quadratic discriminant analyses of

the same data. For this set of compounds, it was concluded

that pattern recognition methods offer no advantages over

traditional discriminant analysis methods, if

classification alone is considered. This is especially

true since most discriminant analysis procedures utilize

stepwise variable selection, which is not as common in

pattern recognition analyses.

Pattern Recognition

Keywords

Steroids - Classification

Discriminant Analysis Fragment Molecular Connectivity
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INTRODUCTION

Lately the use of fragment molecular connectivity

values as position descriptors in a template-based

discriminant analysis procedure has been demonstrated, as a

means of classifying structures according to the type of

pharmacological activity they possess (1). The use of

statistical discriminant analysis in such classification

problems is optimal for multivariate normal random

variables (2). In the case of observations which are not

distributed normally with respect to the descriptor

variables, a discriminant analysis may not be the optimal

method of classification, and certain distribution-free

pattern recognition techniques may be more suitable (3).

Although pattern recognition methods are not as commonly

used in medicinal chemistry as regression analysis and

analysis of variance (4), the application of these

techniques is becoming more widespread (5-9).

Accordingly, it was decided to apply a number of

classification-type pattern recognition procedures to a set

of steroidal compounds which were studied previously using

linear and quadratic discriminant analysis (29). These

compounds show markedly nonnormal distributions with

respect to many of the position variables used to describe

them (Table I). It was felt that possibly better

classification results and greater insight into the value
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of molecular connectivity in classification problems could

be gained by the use of pattern recognition methods.

Four such methods were selected for use: Andrews'

function curves (10), K nearest neighbor analysis (KNN)

(11,12), multicategory linear learning machine analysis

(13), and SIMilarity Components Analysis (SIMCA) (14,15).

The use of the Andrews' function for representing

multivariate data in statistical research is

well-documented (16). The remaining methods were used as a

part of ARTHUR, a pattern recognition program developed by

Kowalski and coworkers (17,18).

EXPERIMENTAL

A learning set of 46 steroidal compounds classified

into five therapeutic categories was used (Table I). A

test set of nine steroids was also selected (Compounds

I-IX, Figure 1)(19). The pharmacological categories of

these compounds are estrogens (E), progestins (P),

androgens (A), corticosteroids (C), and cardiac steroids

(H). A template structure, as proposed by Cammarata (6),

was designated, and ten positions of interest were

selected. Each compound in the study was superimposed on

the template structure, and a value of the descriptor index

was assigned to each of the ten positions on the molecule.

The descriptor which was selected was first-order fragment



Table I. Raw First-order Molecular Connectivity Values of the Compounds Used in the
Analyses.

No. Qinpounda Class a b c d

Position

e f y

1. Diethylstilbesterol E 0.801 0.622 0.827 0.707 1.061 0.827 0.622 0.622 0.001 0.224

2. Dienestrol E 0.801 0.622 0.827 0.571 0.204 0.827 0.622 0.622 0.801 0.224

3. Methallestril E 0.781 0.827 0.027 0.622 0.707 1.105 1.115 1.000 0.854 0.781

4. Benzestrol E 0.801 0.622 0.866 0.707 1.115 0.866 0.622 0.622 0.801 0.224

5. Promethestrol E 0.742 0.577 0.066 0.707 1.115 0.066 0.622 0.622 0.781 0.408



Table I. (Continued)

No. Eoutxpud'a Classb a b c d

Position

e f ghij
6. Estradiol E 0.801 0.892 0.827 0.854 0.908 1.030 1.431 0.908 0.955 0.258

7. Estrone E 0.801 0.892 0.827 0.854 0.908 1.030 1.392 0.854 0.808 0.204

8. EstrioL 0.801 0.892 0.827 0.854 0.908 1.030 1.431 0.999 0.880 0.258

9. Equilin 0.801 0.892 0.827 0.854 0.908 1.030 1.392 0.854 0.808 0.204

10. Equinin 0.001 0.827 0.789 0.622 0.054 0.986 1.392 0.854 0.808 0.204

11. Progesterone p 0.846 0.092 1.392 0.854 0.908 1.030 1.392 0.854 1.077 0.954

12. 17-a-hydroxyproges-
terone p 0.846 0.892 1.392 0.854 0.908 1.030 1.392 0.854 1.077 0.954

13. Medroxyprogesterone p 0.846 0.827 1.392 1.274 0.908 1.030 1.392 0.854 1.077 0.954

14. Dihydroprogesterone p 0.046 0.827 1.392 0.622 0.908 1.030 1.431 0.908 0.986 0.933

15. Entisterone 0.046 0.827 1.392 0.622 0.908 1.030 1.431 0.900 0.986 0.993

16. Narethindrone p 0.1146 0.892 1.392 0.854 0.908 1.030 1.392 0.854 1.077 0.224

17. Norethynairel 0.846 0.931 1.030 0.854 0.908 1.030 1.392 0.854 1.077 0.224

18. Dinethisterone p 0.846 0.931 1.030 0.854 0.900 1.030 1.246 0.854 1.077 0.224

19. Norgestrel p 0.846 0.931 1.030 0.854 0.908 1.030 1.246 0.854 1.077 0.224

20. EthynodliA P 0.999 0.931 1.030 0.854 0.908 1.030 1.392 0.854 1.077 0.224

21. Testosterone A 0.846 0.892 1.392 0.854 0.908 1.030 1.430 0.908 0.955 0.258

22. u-Methyltestosterone A 0.046 0.892 1.392 0.854 0.908 1.030 1.392 0.854 1.327 0.224

23. oxyselholone A 0.000 1.105 1.430 0.908 0.908 1.030 1.392 0.854 1.327 0.224



Table I. (Continued

No. Convounda Class b
a b C d

Position

e f 9 h i

24. Nandrolone A 0.846 0.931 1.030 0.854 0.908 1.030 1.431 0.908 0.955 0.258

25. Dromostabolone A 0.846 1.105 1.431 0.908 0.908 1.030 1.431 0.908 0.955 0.258

26. Stanozolol A 0.827 1.105 1.431 0.908 0.908 1.030 1.392 0.854 1.327 0.224

27. Etbylestrenol A 0.908 0.931 1.030 0.854 0.908 1.030 1.392 0.854 1.181 0.224

20. Metltandroutenoloaa A 0.781 0.892 1.327 0.854 0.908 1.030 1.392 0.854 1.327 0.224

29. Oxandrolone A 0.762 1.105 1.431 0.908 0.908 1.030 1.392 0.854 1.327 0.224

30. Hydrocortisone C 0.046 0.931 1.030 0.854 1.000 1.030 1.392 0.854 1.077 0.808

31. Prealaisone C 0.781 0.892 1.327 0.854 0.846 1.030 1.392 0.854 1.077 0.808

32. Methylprolnisolone C 0.781 0.827 1.327 1.214 1.000 1.030 1.392 0.854 1.077 0.808

13. Triancinolone C 0.781 0.892 1.289 0.854 0.955 1.030 1.392 0.955 1.012 0.808

34. Fluorandreaolone C 0.781 0.827 1.327 0.567 1.000 1.030 1.392 0.955 1.012 0.808

35. Dexamethasone C 0.781 0.892 1.288 0.854 0.955 1.030 1.392 1.274 1.012 0.808

36. Paramethasone C 0.781 0.827 1.327 0.567 1.000 1.075 1.010 1.274 1.051 0.808

37. Flumetbasone C 0.701 0.827 1.288 0.567 0.955 1.030 1.392 1.274 1.012 0.808

38. Fluprednisolone C 0.701 0.827 1.327 0.567 1.000 1.030 1.392 0.854 1.077 0.808

39. Halcinolone C 0.846 0.827 1.354 0.854 0.955 1.030 1.392 0.955 1.012 0.800

40. Digitoxigenin H 1.052 1.105 1.431 0.900 0.908 1.116 1.392 0.908 0.986 0.931

41. Diqoxi9enin 1.052 1.105 1.411 0.908 0.816 1.116 1.193 0.908 0.986 0.931

42. Gitoxigenin it 1.052 1.105 1.431 0.908 0.908 1.116 1.392 0.999 0.911 0.931



Table 1. (Continued)

No. Ccmpounda Class b a

Position

43. Ouabain H 1.052 1.101 1.181 0.854 0.999 1.116 1.392 0.908 0.986 0.931

44. Strophanthidin H 1.052 1.181 1.181 0.054 0.908 1.116 1.392 0.908 0.906 0.931

45. Proscillaridin H 0.927 0.892 1.392 0.854 0.908 1.116 1.392 0.908 0.986 0.781

46. Bufogenin B h 1.075 1.105 1.431 0.908 0.900 1.116 1.392 0.977 0.911 0.066

MEAN 0.853 0.908 1.196 0.835 0.912 1.029 1.310 0.892 1.016 0.538

S.D. 0.090 0.141 0.234 0.162 0.121 0.056 0.227 0.131 0.147 0.324

a Structures may be found in Ref. 27 and 28.

b E=estrogen, P=progestogen, A-androgen, C=corticosteroid, and H=cardiac steroid.
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Figure 1. Structures of the compounds in the test set.

From Ref. 19.
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Table II. Summary of Discriminant Analysis Results for

Compounds in the Learning Set.
a,b,c

Discriminant Score Coefficients

Variable ESTR FROG

Group

ANDR COAT CARD

a -9.36 2.08 -0.36 -3.36 15.67

b -1.02 -0.73 1.16 -0.38 1.56

-7.09 1.06 2.87 -0.99 6.35

-4.24 1.19 2.29 0.50 0.71

3 -1.14 -0.14 -3.16 2.10 2.89

Constant -13.76 -2.08 -5.60 -3.50 -21.97

a Linear classification results, obtained using BMDP7M (25);

ave. results: 92.6% correct.

Quadratic classification results, calculated using the

University of Wisconsin MULTDIS program (26); ave.

results: 89.1% correct.

Test set classification results (both linear and quadratic
classification): 66.7% correct.
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molecular connectivity (MCI. ), which was calculated as the

sum of the first-order terms for each of the bonds joining

the position of interest (20). First-order molecular

connectivity was selected as the descriptor because this

index, when compared to molar refraction and a number of

other fragment molecular connectivity indices, showed lower

rates of misclassification when used in linear and

quadratic discriminant analyses (1). Using the molecules

in the learning set, each of the position variables was

standardized to zero mean and unit variance prior to use.

An observation/variable ratio of around ten was sought, so

variable selection was performed using both Fisher and

variance weighting methods (18). The top five variables

from a variance-weighted standpoint were, in order of

importance, the positions L a, i, c, and b. These were

the same variables which were selected in the course of a

stepwise discriminant analysis of the data. Using Fisher

weighting, the same variable subset was selected, with the

exception that position f replaced position b, which

assumed sixth place in significance. Position f was

constant-valued for three of the groups in the analysis

(estrogens, progestins, and cardiac steroids), and for this

reason the five-variable subset selected by variance

weighting was adopted as a basis for performing the pattern

recognition analyses.
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RESULTS AND DISCUSSION

Andrews' Functions. D. F. Andrews has introduced a

trigonometric series expansion with orthonormal

coefficients, which is useful for representing multivariate

data in two dimensions (21). This function takes the form

F(x) = x
1
(0.707) + x2 (sin t) + x3 (cos t)

+ x
4
(sin 2t) + x

5
(cos 2t) + (1)

where the x values are the values of the respective

variables for a given compound. For each compound, a plot

of this function over the interval t=E-7;7] radians gives a

curve that is unique to the compound but similar in shape

and amplitude to the curves of compounds having similar

values (i.e., compounds which are close to each other in

multidimensional space). The order of the x values in Eq.

1 is usually determined on the basis of the contribution of

the variable to between-group differences, with the most

significant variable being assigned to xl, and the least

significant, to the last term in the series.

Andrews' function plots of "prototypes" of each of the

five therapeutic classes are shown in Figure 2. For this

purpose, the group centroids (mean values) of each of the

classes were used as representatives of the class. Other
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possibilities would be to use the median or mode values of

the variables for a given group. Each curve in Figure 2

represents a "typical" member of its class. It is seen

that there are points along the t axis where between-group

separations are large. Figure 3 shows a plot of the total

squared separation, summed over all possible pairs of

groups (ten terms). The maximum in overall between-group

separation occurs at 0.28 radian. By fixing t at this

value, the Andrews' function becomes a form of discriminant

function. A histogram of the values of this function for

all the compounds is seen in Figure 4. Table III shows

detailed classification results for the compounds in the

study. The results in this table were found by

determining, for each compound, the distance in standard

deviation units, of the value of the Andrews' function for

the compound, from the mean value of each of the groups.

The structure was then classified into the group for which

the absolute value of this distance was smallest.

A comparison of the results in Table III with

corresponding results of a linear discriminant analysis

(Table II) shows that the single Andrews' discriminant

function performed slightly worse in classifying the

learning set (74% correct) when compared to a discriminant

analysis in which three canonical discriminant functions

were used (83% correct). For the test set however, the

Andrews' method correctly classified seven out of nine,
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Figure 2. Andrews' function plots of the group
of each of the therapeutic categories
mean values of the position variables
i, and b were used as coefficients in
Andrews' function, in the order given
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0.28 radians

(2.33)

-3.14 3.14

98

Figure 3. Plot of the total sum-of-squares of differences
between each of the possible pairs of curves
shown in Fig. 1. Values in parentheses are
values of t (in radians) for which local maxima
exist; these values of t could be used to
generate additional discriminant functions.
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Table III. Classification by Andrews' Function

True Group ESTR

Predicted Group

PROG ANDR CORT CARD % Correctbic

ESTR 10 0 0 0 0 100.0

PROG 0 7 3 0 0 66.7

ANDR 0 2 5 0 2 55.6

CORT 0 4 0 6 0 60.0

CARD 0 0 1 0 6 85.7

Mean of Group -3.65 0.30 1.22 -0.07 3.33

St. Dev. 0.98 0.67 1.29 0.24 0.90

a For t= 0.28 radians, F(x)=0.707(a)+0.267(j)+0.964(c)+
0.514(i) +0.358(b). Variables are ordered according to
their contribution to between-groups variation.

Learning set results: 74.5% correct. Compounds misclas-
sified (predicted group): 11-13 (ANDR), 21(PROG), 23(CARD),
26(CARD), 27(PROG), 31(PROC), 34(PROC), 37(PROG), 39(PROG),
45(ANDR).

Test set results: 77.8% correct. Compounds misclassified
(predicted group): II(PROC), III(ESTR).
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Histogram of Andrews' function values for the compounds in this study. Groups
are estrogens (E), progestins (P), androgens (A), corticosteroids (C), and
cardiac steroids (H). Circled entries are test set compounds. Group means
(+/- std. dev.) are shown below the axis.
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while the discriminant analysis was correct in only six of

the cases. It is possible that better classification

results could be obtained from the Andrews' function by

selecting more than one value of t, and generating several

discriminant functions. Other values of t for which the

between-group separation is large are indicated in Figure

3. As an alternative, a separate value of t and its

corresponding function could be selected for each pair of

groups, and a compound could be classified on the basis of

a number of pairwise comparisons. Neither of these

approaches was tried during the course of the present work.

K Nearest Neighbor Analysis.

classification

This method of

is conceptually one of the simplest in the

pattern recognition literature (22,23). It differs from

most minimum-distance classifiers in that the group

centroid is not selected as the prototype of a given class.

Instead, a compound is classified into the group to which a

majority of its K nearest neighbors in multidimensional

space belong. Values of K usually range from one to ten,

but prediction results will suffer whenever the value of K

approaches the average class size. In the case of ties,

the group showing the smallest aggregate distance is

selected. Table IV shows the results of KNN analyses for

the learning and test sets of compounds. For the learning

set, the results at all levels of K were comparable to the



Table IV. Results of K-Nearest Neighbor Analysis.a

Percent Correct

K Learning Set Test Set
b

1 87.0 66.7

3 89.1 55.6

4 89.1 55.6

5 89.1 55.6

c d
6 87.0 55.6

a Classification was performed in the space of the standardized
position variables a,b,c,i, and j.

b Each observation in the test set was classified on the
basis of observations in the learning set, omitting other
test set compounds.

Learning set compounds misclassified (predicted group):
21(PROG), 24(PROG), 25(PROG), 27(PROG), 39(PROG), 45(PROG).

d Test set compounds misclassified (predicted group):
III(ESTR), IV(PROG), VI(CORT), VII(PROG).



103

best results obtained by discriminant analysis. For the

test set, a total of four of the compounds were

misclassified for all values of K except the first. This

is one misclassification more than the linear and quadratic

discriminant analysis methods achieved.

Multicategory Linear Learning Machine Analysis. In a

manner similar to linear discriminant analysis, a linear

learning machine seeks to define a function or boundary

which will maximally separate a given group of compounds

from all others (13). However, instead of relying on a

fixed statistical criterion such as maximizing the ratio of

between-group variation to within-group variation, a

learning machine generates the classification function by

way of iteration and feedback (24). A vector of weighting

coefficients is derived for each class. Then, for each

compound, a discriminant score is calculated for each

class, and the compound is classified into the group for

which the discriminant score is highest.

Table V summarizes the results of a multicategory

linear learning machine analysis of the steroid data. A

total of 201 iterations were performed, though the

classification results ceased to improve after 186 cycles

through the data. It was found that 39 of the learning set

(84.8%) and six of the test set (66.7%) compounds were

correctly classified by this method. In each case, the



Table V. Multicategory Linear Learning Machine Results-

Final Weighting Vectors.aib

Variable ESTR PROG

Group

ANDR CORT CARD

a 0.357 0.646 0.469 -0.442 1.522

b -1.250 0.747 1.392 -0.992 0.219

c -0.828 0.373 0.719 -0.498 0.191

i -0.643 0.194 0.113 0.010 0.209

j 0.527 0.283 -0.102 0.610 0.781

Constant 0.147 0.643 0.601 0.150 0.194

a Learning set results: 84.8% correct. Compounds mis-
classified (predicted group): 13-15(CORT), 16(ANDR),

19(ANDR).

b Test set results: 66.7% correct. Compounds misclassified
(predicted group): IV(CORT), VI(CORT), VIII(ANDR).
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compounds which were misclassified and the groups into

which they were placed, were identical to tnose

misclassified in a linear discriminant analysis of the

data. This is in spite of the fact that some notable

differences exist both in relative magnitude and in sign,

between the weighting vectors derived by the learning

machine (Table IV) and those calculated in the discriminant

analysis (Table II).

It is worthwhile to note that all the misclassified

compounds were placed by the learning machine into the

progestin category. Examination of two- and

three-dimensional scatter plots and Andrews' curves of the

progestins revealed that this class of compounds showed

large within-group variation with respect to the position

variables that were selected. In order to be successfully

classified by a linear learning machine, the compounds must

be linearly separable in the space of the descriptor

variables, which is perhaps not the case here.

SIMCA. A method of pattern recognition which is

somewhat more sophisticated than those mentioned previously

has been developed by Wold (14). The SIMCA method involves

generating a separate principal components model for each

class of compounds. The components are generated

iteratively, and the number of components retained for each

class may vary. For each group, the model so obtained is
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solved by least-squares techniques, to determine the

relationships between the original variables and the

derived principal components. An compound can be

classified, and goodness-of-fit can be determined, by

calculating the principal component scores of the compound

for each of the groups, then determing, for each group, the

"theoretical" x-variable values the compound should have,

if it were a member of the given group. The sum-of-squares

of the differences between the calculated x values and the

observed ones (i.e., the residuals from the regression

models) is a measure of how well the compound fits the

model for a particular group. A compound can be placed

into the class for which this deviation is smallest or,

depending on some preset criteria, it may not be classified

into any existing group, but instead be placed into a new

class.

Table VI summarizes the results of a SIMCA analysis of

the data. The number of compounds misclassified by the

SIMCA method for both the learning and test sets is the

same as for the multiclass separator and the discriminant

analysis techniques. However, the identities of the

misclassified compounds are different. Those misclassified

by the SIMCA method have more in common with the compounds

misclassified by the KNN analysis. This may reflect a

fundamental difference between the multiclass separator and

discriminant analysis, on the one hand, and SIMCA and KNN
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Table VI. Summary of Principal Component Models from a

SIMCA Analysis.

Group Componenta a

Variable

b c i j

% Correct

in Group
b,c

ESTR 1 -0.099 -0.150 -0.228 -0.189 -0.110 100.0

2 -0.091 -0.967 0.052 -0.231 -0.004

FROG 1 0.023 -0.018 0.025 0.004 -0.006 100.0

2 0.208 0.177 -0.526 0.112 -0.797

ANDR 1 -0.039 0.092 0.080 0.174 -0.139 55.6

2 0.220 -0.235 -0.307 -0.895 0.035

CORT 1 -0.097 -0.054 0.060 0.026 0.125 30.0

CARD 1 0.299 0.199 0.101 -0.052 0.167 35.7

2 0.550 0.770 -0.271 -0.027 0.176

3 0.429 -0.032 0.841 -0.327 0.045

a Cross-validation was performed to select the optimum
number of components for each group, based on a partial
F test which measures the significance of an added
component, given the components already present.

b Ave. learning set results: 84.8% correct. Compounds
misclassified (predicted group): 21(PROG), 24(PROG),
25(PROG), 27(PROG), 30(PROG), 39(PROG), 45(PROG).

Ave. test set results: 66.7% correct. Compounds mis-
classified (predicted group): IV(PROG), VI(CORT),
VII(PROG).
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on the other. The SIMCA and KNN methods rely more on local

properties of the data set (i.e., the distribution of

compounds in the immediate neighborhood of the compound

being classified). By contrast, the discriminant function

methods rely on a more global view of the data set,

considering all groups at once or, in the case of the

multiclass separator, comparing a given group with all

other groups combined.

CONCLUSIONS

First-order fragment molecular connectivity values

contain information that can be used, with varying degrees

of success, in the classification of molecular structures

into their correct therapeutic categories, using pattern

recognition techniques. This has been demonstrated here

using a template-based method of variable assignment. Of

course, any such method of assigning position variables may

be criticized on the basis of its subjectivity. An

alternative method, involving the use of whole-molecule

molecular connectivity terms, is currently under study, and

encouraging results have been obtained (30).

For the compounds studied in this report, the use of

pattern recognition methods did not give classification

results which were improved over those obtained using

traditional discriminant analysis techniques. The latter
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methods, due to their statistical nature, have the

advantage that stepwise procedures may be used for variable

selection. Such stepwise techniques are not as commonly

used in most pattern recognition research.

The classification of compounds, per se, is not

usually considered a sufficient goal for research of the

type presented here. The use of model-building methods of

analysis, such as SIMCA, provides a basis for extending the

range of such investigations to include both qualitative

and quantitative predictions (9). It is important,

however, that a variety of descriptor variables be studied

in order to determine which are most suitable for the

purpose at hand. It is felt that molecular connectivity

indices, because of their close relationship to molecular

structure, have unique potential for use in classification

problems.
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ABSTRACT

Using a set of 46 steroids and 61 nonsteroid drugs

classified into ten therapeutic categories overall, a

comparison was made between the linear and quadratic

discriminant function (DF) methods of analysis and SIMCA.

First through sixth order molecular connectivity terms of

various types were used as molecule descriptors. Stepwise

linear DF analysis produced a model which could correctly

predict the therapeutic categories of only 66% of the

nonsteroids, but over 97% of the steroids, with an

estimated random classification rate of about 9%.

Individual class results could be improved by using two-way

classification. With original sample validation methods,

similar results were obtained using SIMCA, and the

quadratic DF produced slightly better results. When a

holdout-by-four method of validation was used, the SIMCA

and quadratic DF methods performed worse than the linear

DF, which was attributed to the difficulty of modelling

individual classes with only small numbers of compounds in

them. Using the androgens as examples, the canonical DF

values showed somewhat higher correlations with the levels

of biological activity than did the principal component

scores from the SIMCA analysis. The results indicate that

for small numbers of compounds there may be no advantage to

the use of methods other than the linear DF for the
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classification, and perhaps even the quantitative modelling

of the agents. However, more experience with SIMCA and

other methods of pattern recognition is needed.
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INTRODUCTION

Recent work has shown that fragment molecular

connectivity (MC) values can be used as position

descriptors in the pattern-based therapeutic classification

of drug structures using discriminant analysis and pattern

recognition techniques (1-3). These studies examined the

multigroup classification of drugs. Other reports on the

use of discriminant analysis have illustrated the

separation of drugs according to the level of activity

(4,5) or have classified compounds into one of a given pair

of groups (6,7). Generalization from the two-group example

to the case of several groups requires the use of

multivariate methods, which are becoming more common in

medicinal chemistry (8,9). The fragment MC descriptors

were derived from the whole-molecule MC terms of Kier and

Hall (10,11), and are similar to the environment

descriptors of Ju-rs and coworkers (12). As with other

topological descriptors, molecular connectivity terms can

potentially have advantages in computation and in

information content, over the more commonly used steric,

electronic, and lipophilic substituent constants (13,14).

Also, their mathematically continuous nature makes them

more suitable for certain types of analysis, than are the

binary indicator variables which are used to signify the

presence or absence of a given group (15). All advantages
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are lost, though, if the information contained in a given

descriptor bears little or no relationship to the property

being investigated (i.e., the type or level of activity a

molecule possesses). It is therefore important that a

number of possible descriptors be investigated, in order to

determine which of them contain useful information. It is

equally important that different classification or

modelling techniques be studied, since different techniques

can give varying results and lead to different

interpretations of the data.

One disadvantage of pattern-based fragment descriptors

is the need to design a suitable pattern over which the

target compounds can be superimposed. Also, the process of

fitting molecules to a given structure, although it can be

automated to a certain extent (16), generally requires some

type of intervention by the researcher. Computerized

fitting can be a slow process, unsuitable for large numbers

of compounds, since computers perceive structures as

numerical arrays, quite differently from the two- and

three-dimensional displays with which chemists are

familiar. The process often requires considerable

iteration. A more objective approach is to use a number of

whole-molecule indices which could potentially contain, as

a group, the same structural information as the fragment

values. In the case of MC terms, the use of whole-molecule

indices is certainly a more conventional application. With
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these considerations in mind, a number of simple and

valence MC terms were examined as molecular descriptors in

the classification and modelling of a set of 107 drugs into

several therapeutic categories. This paper presents an

account of this research.

The drugs which were selected represent a composite of

those which have already been studied using fragment MC

values (1,2). The compounds are major therapeutic agents,

whose pharmacological activities are well established (17),

usually by a governmental regulatory agency. A list of the

compounds is seen in Table I. The drugs fall into two

broad structural classes, steroids and nonsteroids,

distributed over a number of diverse therapeutic

categories. The steroids are structurally more homogeneous

than the nonsteroids, although the latter consist mostly of

diphenylmethyl-based compounds. The relative success of a

given classification scheme was found to be closely related

to this structural homogeneity.

The most commonly-used simple and valence MC terms

from zero through sixth order were selected as descriptors

(Table II). Orders higher than six can be calculated, but

this becomes fairly expensive for some of the large

molecules in this study. Kier and Hall have discussed the

significance of different types and orders of MC terms, as

related to physicochemical and biological properties (18).

The use of a variety of different terms in this research



Table I. Compounds Used in the Analyses a

ANALGESICS(ANAL)

1. Pyrroliphene

2. Levoprome

3. Carbiphene

4. Fentanyl

5. Dextromoramide

6. Methadone

7. Propoxyphene

8. Carbamazepine

9. Profadol

10. Tilidine

11. Prodilidine

12. Nefopam

13. Ethoheptazine

ANTIDEPRESSANTS(ANDP)

14. Imipramine

15. Protriptylene

16. Amitriptylene

17. Nortriptylene

18. Doxepin

19. Desipramine

20. Melitracin

21. Amoxapine

ANTIHISTAMINES(ANHS)

22. Dimethindene

23. Methdilazine

24. Promethazine

25. Methapyrilene

26. Ethopropazine

ANTIHISTAMINES, cont.

27. Cyproheptadine

28. Cyclizine

29. Diphenhydramine

30. Tripellenamine

31. Doxylamine

32. Trimeprazine

33. Meclizine

34. Clemizole

35. Phenindamine

ANTICHOLINERGICS(ANCH)

36. Orphenadrine

37. Diphenidol

38. Tridihexethyl

39. Poldine

40. Diphemanil

41. Thiphemanil

42. Methixene

43. Piperidolate

44. Adiphenine

45. Pentapiperium

46. Oxyphenonium

47. methantheline

48. Glycopyrrolate

49. Alverine

50. Pipenzolate

51. Mepenzolate

52. Hexocyclium

53. Parapenzolate

54. Dihexylverine

55. Aminocarbofluorene

120
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Table I. continued

ANTIPARKINSON DRUGS(ANPK) ANDROGENS(ANDR)

56. Benztropine 82. Testosterone

57. Isometheptine 83. 17-4-Methyltestosterone

58. Cycrimine 84. Oxymetholone

59. Trihexphenidyl 85. Nandrolone

60. Procyclidine 86. Dromostanolone

61. Biperidin 37. Stanozolol

88. Ethylestrenol

ESTROGENS(ESTR) 89. Methandrostenolone

90. Oxandrolone

62.

63.

64.

Diethylstilbestrol

Dienestrol

Methallenestrol

CORTICOSTEROIDS(CORT)

65. Benzestrol 91. Hydrocortisone

66. Promethestrol 92. Prednisone

67. Estradiol 93. Methyiprednisolone

68. Estrone 94. Triamcinolone

69. Estriol 95. Fluorandrenolide

70. Equilin 96. Dexamethasone

71. Equilenin 97. Paramethasone

98. Flumethasone

PROGESTINS(PROG) 99. Fluprednisolone

100. Halcinonide

72.

73.

74.

Progesterone

17-4,-Hydroxyprogesterone

Medroxyprogesterone

CARDIAC STEROIDS(CARD)

75. Dehydroprogesterone 101. Digitoxigenin

76. Ethisterone 102. Digoxigenin

77. Norethindrone 103. Gitoxigenin

78. Norethynodrel 104. Ouabagenin

79. Dimethisterone 105. Strophanthidin

80. Norgestrel 106. Proscillarigenin

81. Ethynodiol 107. Bufogenin B

aStructures may be found in Ref. vr, and others.
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was approached from a more pragmatic point of view to

evaluate in general, the usefulness of whole-molecule terms

in classification and modelling problems.

It was important to select suitable techniques to

determine the utility of the MC terms as predictors of

therapeutic activity. Previous work with fragment values

suggested that a variety of classification and pattern

recognition techniques could be reduced to two general

types, based on a comparison of the results obtained with a

given set of data. These two types may be designated as

globally and locally sensitive methods, respectively (19).

Global methods, which are more commonly used, include

linear discriminant analysis (20), binary linear learning

machines (21), and multicategory classifiers (22). Such

techniques examine the entire set of compounds and derive

classification rules (or boundaries in hyperspace) by

comparing a given class with all other classes. These

methods stress the differences between classes, and seek to

maximize these differences. By contrast, local

classification procedures identify a drug by comparing its

properties to those of known compounds which are close to

it in the multidimensional space of the measurements.

Examples of local methods, which emphasize within-class

similarities, include nearest-neighbor analysis and the

SIMCA technique of Wold (23).

Both the discriminant analysis and SIMCA methods allow
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the researcher to evaluate, by means of well-defined

statistical criteria, the power of a given variable to

discriminate, or, in the case of SIMCA, to model, the

various classes in the study. This was felt to be an

important characteristic, which is not common to all

pattern recognition techniques. Also, decision-theoretic

or statistical methods of data analysis are more widely

used in medicinal chemistry than are some of the more

heuristic or nonparametric procedures. The assumption of

multivariate normality which underlies the discriminant

analysis procedure (though not required in SIMCA) is not

overly restrictive in most cases. Statistical methods

perform optimally with normal distributions, but as long as

distance criteria are being used as the basis for

separating the classes of drugs, it is reasonable to expect

that the classification results would be primarily a

function of the data, and to a lesser degree, a function of

the method of analysis. For these reasons, discriminant

analysis and SIMCA were selected as examples of global and

local classification procedures, to test the usefulness of

the whole-molecule MC terms in this particular

classification problem.

EXPERIMENTAL

Simple and valence MC values through order six were
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calculated using a version of the program by Hall (24).

Discriminant analyses were performed using the BMDP7M (25) ,

MULTDIS (26), and SPSS (27) programs. The latter two are

capable of quadratic classification. The SIMCA analyses

were carried out with a modification of the SIMCA2T program

of Svante Wold (28). Prior to the analyses, all the

variables were standardized to zero mean and unit variance.

RESULTS AND DISCUSSION

Initial examination of histograms and scatter plots of

the data revealed distinct differences in the distributions

of most of the variables with respect to pharmacological

class. Due to overlaps, no single variable provided

sufficient information to do more than structurally

differentiate between nonsteroids and steroids. A

principal components analysis of the data matrix revealed

that only the first five eigenvalues (29.5, 3.3, 1.7,

0.9,and 0.6) were significant, accounting for 98% of the

variance. This indicates that the true dimensionality of

the data is considerably lower than the 37 measured

dimensions. The correlation matrix of the data was

examined, and it was found that each of the simple MC terms

showed a high level of correlation with the corresponding

valence MC term (Table II) . The use of several such highly

correlated variables in any statistical technique is a



Table II. Molecular Connectivity Indices Used in the Analyses.a

Term

Simple Valence Correlation with Simple MC

Valence d Difference
e

Term

ResidualMean St. Dev. Mean St. Dev.
0
x 16.332 2.634 14.157

b
2.025 0.959 0.770 0.283

/xp 11.014c 1.607 8.784
b

1.410 0.896 0.482 0.445

2Xp 10.25713'c 1.999 7.481
b

1.839 0.907 0.393 0.422

3Xp 8.974c 2.172 6.118
c 2.109 0.906 0.281 0.425

3)(0 1.963 0.963 1.339 0.718 0.973 0.847 0.232

4xp 7.461 1.968 4.801b'c 2.007 0.889 0.195 0.458

4xc 0.154
b

0.151 0.108
b

0.109 0.972 0.876 0.237

4xpc 5.082/3'c 2.758
3.239b,c 2.071 0.955 0.787 0.295

5Xp 6.084 1.714 3.584
c

1.715 0.870 0.254 0.493

5XC 0.838
b

0.690 0.476b'c 0.445 0.946 0.882 0.324

5Xp c
8.560c 4.959 5.185c 3.709 0.947 0.769 0.325

5Xch
0.055 0.063 0.045 0.049 0.961 0.774 0.276

Oxp 4.217
b

b
1.540

2.397b,c 1.447 0.906 0.350 0.424

6)( 0.221 '

c
0.264 0.110c 0.138 0.960 0.959 0.280

Oxpc 14.043b '

c

b
8.988

7.830b,c

b
6.264 0.934 0.814 0.358

6Xch
0.342 0.144 0.215 0.135 0.917 0.353 0.399

b
7Xch

0.622 0.456 0.395c 0.350 0.971 0.808 0.281

Vertices 22.972 2.507

Rings 3.336
b

0.677

Edges 25.308 2.876



Table II. (cont.)

aVariables were standardized to a mean of zero and unit standard deviation
prior to use.

b Selected in discriminant analysis procedure.
cSelected in SIMCA procedure.
d
Simple MC versus Valence MC; overall correlation (1819 values): 0.940.

eSimple MC versus Valence differences; overall correlation: 0.791.

fDimple MC versus Valence resuduals; overall correlation: 0.177.
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questionable practice, although it has been reported that

variables with high positive correlations can enhance

discriminant analysis models (20). Adjustments for

collinearity can be made in regression analyses (29), but

in multicategory classification the effects of highly

correlated variables are usually controlled by feature

selection processes which generate linear transformations

of the data (30). Often the physical significance of the

original measurements is lost in such transformations.

This makes it difficult to form meaningful inferences about

individual variables, although the overall classification

results are still important. The use of stepwise addition

procedures, as in discriminant analysis, will reduce the

influence of multicollinearity by computing the

significance of a given variable in the context of other

variables already included in the model. In the SIMCA

procedure, the effect of high correlations will be to

reduce the number of significant principal components

needed to define a given class model.

All the original variables, suitably standardized,

were used as input to the discriminant analysis procedures.

As a test of the influence of collinearity on the variable

selection process in SIMCA, two additional sets of data

were generated. In the first, each of the valence MC terms

was replaced by the signed numerical difference between

itself and the corresponding simple MC term. On a
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per-molecule basis, this difference represents the valence

contribution to the connectivity of the molecule. This

difference, though, is usually still highly correlated with

both the simple and the valence terms from which it was

obtained. Accordingly, an additional set of data was

derived by regressing each of the valence MC terms on the

corresponding simple term, and replacing the valence term

with the residual from this regression. The residual

represents that portion of the valence connectivity of the

molecule which cannot be explained by the simple

connectivity term, considering all the molecules in the

sample. Such residuals are generally much less correlated

with the simple and valence terms than are the numerical

differences between the two (Table II).

Discriminant Analysis. Using a stepwise procedure of

variable selection, linear discriminant analysis was

performed on the original 37 variables. The hold-one-out

or jackknife procedure was used to validate the results at

each step, and it was found that the classification rates

reached a maximum at the 20-variable level. All the

variables at this point were significant at P<0.05.

Those which were selected by this procedure are indicated

in Table II. Computation of the canonical discriminant

functions (26) showed that the first five canonical

variables were sufficient to account for over 98% of the
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to within-group variation.

Figures 1 and 2 show stereo plots of the nonsteroid and

steroid compounds in the space of the first three of these

canonical functions. Such plots are valuable for

identifying areas of overlap among the groups. However,

plotting the discriminant functions in rectangular space

may distort the points somewhat, since the canonical axes

are not generally orthogonal, even though they are

uncorrelated (31). This could have some implications in

the use of such canonical variables as quantitative

predictors of biological activity, since the points no

longer bear the same spatial relationships with each other.

Figures 1 and 2 show that a great deal of overlap exists

among the nonsteroids, while the steroids show compact and

well-defined groups.

Using the first five canonical functions of the

selected variables, jackknifed linear classification

results were obtained, which are summarized in Table III.

When the 20 variables were used instead of the canonical

functions, essentially the same results were obtained.

Since the groups were small in size, differences of only a

few compounds could have exaggerated effects on the

prediction results if unequal prior probabilities were

assumed, so equal priors were used in the analyses. The

results indicated no classification overlap between the

steroid and nonsteroid structural groups. Among the



Figure 1. Stereo plot of the nonsteroid compounds in the space of the first
three canonical discriminant functions. Classes are analgesics (A),
antidepressants (D), antihistamines (H), anticholinergics (C), and
antiparkinson drugs (P).
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Figure 2. Stereo plot of the steroids in the space of the first three canonical
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androgens (A), corticosteroids (C), and cardiac steroids (H).



Table III. Jackknifed Linear Classification Results from Discriminant Analysis.a

True Predicted Class Percentb
Class N ANAL ANDP ANHS ANCH ANPK ESTR PROG ANDR CORT CARD Correct

ANAL 13 9 2 2 69.2
c

ANDP 8 8 100.0

ANHS 14 1 7 1 5 50.0
d

ANCH 20 1 4 13 2 65.0e

ANPK 6 2 1 3 50.0E

ESTR 10 10 100.0

PROG 10 10 100.0

ANDR 9 1 8 88.9g

CORT 10 100.0

CARD 7 7 100.0

aThe first five canonical discriminant functions of the most significant
20-variable model were used.

bAverage results: nonsteroids 65.6%, steroids 97.8%, and overall 79.4% correct.
cCompounds misclassified (left to right): 2,12,3,11.
dCompounds 27,26,22,28,30,31,33.
eCompounds 41,36,40,54,55,37,49.

(Compounds 57,59,58.

gCompound 85.
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nonsteroids, the greatest overlap occurred with the

antihistamine, anticholinergic, and antiparkinson drugs.

This would be expected on the basis of the wide structural

diversity within these groups, plus the fact that much

therapeutic overlap exists, especially in terms of

secondary pharmacological effects.

An average of 80% of all the compounds could be

correctly classified using the linear discriminant function

in the reduced canonical space. Considering the

therapeutic class of second highest probability for each of

the misclassified compounds included the correct class for

an additional 12 of the 22 misclassified drugs. The

steroids, due to their greater structural homogeneity,

showed less within-groups variation, which is reflected in

the much higher classification results (97.8% correct,

versus only 65.6% correct for the nonsteroids).

Some the misclassifications in Table III can be

justified on structural or pharmacologic grounds. Several

drugs were misidentified as antiparkinson agents. A number

of antihistamines related to diphenhydramine (a weak

antispasmodic) were placed in this group, though

diphenhydramine itself was not. Compounds with rather

unusual structures (e.g., dihexylverine,

aminocarbofluorene, alverine, and isometheptine) tended to

be classified somewhat randomly. The single steroid which

was misplaced, nandrolone, differs only slightly from most
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of the other androgens, lacking a 19-methyl group and a

17-a-methyl substituent.

Since all the antiparkinson drugs in the sample are in

fact anticholinergics, these two classes were combined, and

the analysis was repeated. A modest improvement was

observed (nonsteroids 75.4%, steroids 97.8%, and overall

85% correct). An additional three antihistamines

(ethopropazine, cyclizine, and tripellenamine) were

correctly classified, and the three other drugs to be

correctly classified (diphenidol, alverine, and cycrimine)

were either anticholinergics or antiparkinson agents to

begin with.

To see if the combined anticholinergic/antiparkinson

group could be better separated from the other nonsteroids,

a two-way discriminant analysis was performed using the

4

original 37 variables. A single descriptor ( Xc) was able

to correctly classify 72.1% (jackknifed) of the compounds

(ANCH+ANPK: 65.4% correct, and others: 77.1% correct). A

3 4 5 5 6 1 v
nine-variable model (rings, Xc , Xc, Xp, Xth, i7c , Xp ,

3 Y 7 Y
Xc , and Xc-,,) gave the highest jackknifed results

(ANCH+ANPK: 84.6% correct, and others: 88.6% correct;

overall: 86.9% correct). Only four of these nine variables

were also selected in the original discriminant analysis of

the data. All of the descriptors in the nine-variable

model were statistically significant(P<0.05) . Four of the

compounds in the anticholinergic/antiparkinson group
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(compounds 36, 42, 55, and 57) and five of the remaining

nonsteroids (compounds 4, 9, 11, 26, and 23) were

misclassified. Of these nine, five compounds were also

misclassified in the original analysis (Table III). It is

apparent that improved classification rates can be obtained

using two-way models, if the variables are selected

specifically for the groups under study.

Random effects in correlation analyses have recently

been discussed by Topliss (32). As an additional test of

the validity of the linear classification scheme, the

values of each of the five canonical functions mentioned

previously were randomly ordered, and the analysis was

repeated. This was done to see if any significant results

could be obtained by using what amounts to a random

selection of points from a distribution with the same

overall mean and variance structure as the original data.

Classification rates from 0% to 33% were observed, with an

overall rate of only 9% correct. This may be considered an

estimate of the random component of classification present

in the results from the original data.

Linear classification is suitable whenever the

variance or dispersion of the points in the various classes

is assumed to be the same for each class. If the

dispersion differs for one or more of the classes, the

quadratic discriminant function may give higher rates of

correct classification (26). Using the five canonical
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functions mentioned above, quadratic classification was

performed. The original sample (non-holdout) results were

somewhat improved over the jackknifed linear results

(nonsteroids 88.5%, steroids 100%, and overall 93.5%

correct). A modified holdout procedure was followed, in

which every fourth compound was deleted from the training

set during the discriminant function calculations, but was

included in the classification process. This was repeated

four times, deleting a different set each time, so that

each compound was eventually classified by relatively

unbiased classification rules.

The quadratic results from this holdout-by-four

procedure were much poorer than those from the original

sample (nonsteroids 57.3%, steroids 76%, and overall 65.4%

correct). The antihistamine and antidepressant classes

showed particularly low rates of 25% and 36% respectively.

In the case of the antidepressants this reflects the

problem of trying to define the dispersion matrix of a

class with only a few observations. 3y comparison, when

the holdout-by-four procedure was used with linear

classification, the average results were identical to those

obtained with the true jackknife procedure (Table III),

although the identities of the misclassified compounds

differed in some cases. It is evident that quadratic

results obtained with small sample sizes can be quite

misleading, and some form of validation procedure,
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involving as many of the compounds in the sample as

possible, should be performed.

SIMCA Analysis. In the SIMCA method, a separate

principal component model is constructed for each class of

compounds. Only those components which are necessary to

adequately describe the structure of the class are

retained. In addition, both the modelling power and the

discriminating power of a given variable can be determined,

as a guide for the selection of variables. Details of the

SIMCA procedure have been published (33). The approach

that was followed in this research consisted of the

following steps:

1. First, using all the variables, construct

two-component models for each class, and determine the

modelling and discriminating power of each variable over

the entire set of compounds.

2. Delete any variables which simultaneously

show modelling and discriminating power below the median

values for all the variables. This removed one-fourth to

one-third of the variables at any given time.

3. By means of a cross-validation process, find

the optimum number of components necessary to describe each

class, with the reduced set of variables.

4. Using the optimum number of components in

each class, again determine the modelling and
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discriminating power of each of the variables; also, delete

any outlying observations.

5. If any of the variables still show both low

modelling power and low discriminating power, loop to step

2.

6. Finally, for each compound, determine the

principal component (theta) values and the standard

deviations for each class. The former can be used for

display and for quantitative modelling purposes, while the

latter can be used to classify the given object.

Several analyses were performed, using the original

data set as well as the derived data sets containing

difference and residual values. Two or three cycles

through the data (steps 2 through 5, above) were sufficient

to produce models in which each variable showed high

modelling power (e.g., around 0.8) as well as high

discriminating power (e.g., around 5.0). The large

diversity among the structures made it difficult to

identify definite outliers. The deletion of two compounds

which consistently showed large standard deviations for

their group (the anticholinergics diphenidol and alverine)

did not have any appreciable effects on the classification

resul ts.

Table IV summarizes the average prediction results

for each of the separate analyses that were performed.

Depending on the conditions of the analysis, between 60%



Table IV. Summary of SIMCA Analyses.

Number of
Analysis Variable Set Classes

Number of
Variables

Validati2n Percent Correct
Method Nonster. Ster. Overall

1. Simple MC + Valence

MC Values 10 20b20 A 78.7 95.7 85.9

2. Simple MC + Valence

MC Values 10 20b20 B 54.1 73.9 62.6

3. Simple MC + Valence

MC Values 10 17c17 A 67.2 91.3 77.6

4. Simple MC + Valence

MC Values 10
c

17 B 57.3 78.3 66.3

5. Simple MC + Valence

MC Values 9d9 15 A 59.0 93.5 73.8

6. Simple MC + Valence

Differences 10 14 A 63.9 80.4 71.0

7. Simple MC + Valence

Residuals 10 15 A 67.2 91.3 77.6

aValidation by (A) original sample, or (B) holdout-by-four methods.
bSame variables as those selected by discriminant analysis.
cVariables selected on the basis of modelling and discriminating power (see text).
dAntiparkinson and anticholinergic drugs combined.
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and 85% of the compounds could be correctly classified.

Again, as in the discriminant analysis, the steroids showed

consistently higher classification results. Unlike

discriminant analysis, some crossover occurred between the

steroid and nonsteroid compounds. This was confined to the

group of estrogens, which contain a number of stilbestrol

derivatives that lack the four-ringed steroid nucleus.

Combining the anticholinergic and antiparkinson drugs

did not improve the overall results. Also, the use of

difference or residual values in place of the valence MC

terms did not give higher classification rates. In fact,

most of the results in Table IV are quite similar from one

data set to the next, in spite of the fact that different

variables were selected in each analysis. This again shows

that much redundancy exists among the many MC indices which

were used. It is essential, when using the SIMCA metnod,

that redundant or noisy variables be pared from the data.

The inclusion of such variables can have adverse effects on

the modelling and classification results.

For the original data set (Table IV, analysis 3), the

17 variables which were selected on the basis of modelling

and discriminating power are indicated in Table II. Ten of

these variables were also selected in the discriminant

analysis procedure. As with the latter, about half are

simple MC terms, and half are valence terms. When the

holdout-by-four method of validation was applied to this
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data, the prediction results dropped considerably

(Table V). Ten of the compounds which were misclassified

by SIMCA were also misclassified by discriminant analysis.

Slightly more overlap between the steroid and nonsteroid

compounds was observed. The results suggest that

discriminant analysis may be a more effective technique for

multicategory classification, at least for the descriptors

and the compounds used in this study.

When a direct comparison of SIMCA and discriminant

analysis was performed, using the same 20 variables with

five-component models for the classes, the original-sample

results were comparable (Table IV, analysis 1). Applying

the holdout-by-four procedure, the average results dropped

more for SIMCA than for the discriminant analysis (which

showed the same average results with a holdout-by-four as

with the jackknife). This is similar to the case for

quadratic classification, where small numbers of compounds

in some of the classes make it difficult to model the

classes in a consistent manner, whenever a few compounds

are withheld. It is likely that the SIMCA method would be

more effective with a true jackknife procedure, although

this cannot be as conveniently accomplished in SIMCA as in

discriminant analysis. In other studies, involving fewer

classes with more observations, the SIMCA technique has

performed comparably well with discriminant analysis (15).



Table V. SIMCA Analysis Results.a

True Predicted Class Percent
Class N ANAL ANDP ANUS ANCH ANPK ESTR PROG ANDR CORT CARD b

Correct

ANAL 13 8 5 61.5c
ANDP 8 1 5 2 62.5

d

ANUS 14 2 8 3 1 -- 57.1e

/MICH 20 1 -- 7 12 60.0E

AIIPK 6 2 2 2 -- -- 33.3g

ESTR 10 1 -- 2 1 4 1 1 40.0 h

PROG 10 -- 9 1 -- 88.91

ANDR 9 -- 2 7 -- 77.83

COPT 10 10 100.0

CARD 7 -- 1 6 85.7
k

Ncom 1
3 2 4 3 1 2 4 3 4 3

aBased on a holdout-by-four method (Table IV, Analysis 4).
b
Average results: nonsteroids 57.3%, steroids 78.3%, overall 66.3% correct.

c
Compounds misclassified (left to right):2,4,6,8,12.

dCompounds 18,20,21.
eCompounds 32,33,23,25,29,31.
fCompounds 38,36,40-43,49,55.

gCompounds 56,57,59.
hCompounds 62,64,65,63,69,67.



Table V. (cont.)

i Compound 72.
j Compounds 82,85.
kCompound 107.
1Optimal number of components.
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Quantitative Correlations. In one paper, Wold defined

four levels of pattern recognition as applied to drug

research (33):

I. Simple classification.

II. Classification with the possibility of

outliers.

III. Classification, followed by quantitative

prediction of a single biological response.

IV. Classification, followed by simultaneous

predictions of several biological responses.

The major emphasis of this project was directed at

level I. The small sample size, as well as the wide

diversity of the structures, made analysis at level II

impractical. It was desired, however, to obtain a

preliminary comparison of the discriminant function and

principal component models as predictors of biological

activity (levels III and IV). The androgens were selected,

and relative oral and subcutaneous potencies on three

indices of androgenic activity each in rats were obtained

(34). These indices, along with the values of the five

canonical discriminant functions (of 20 variables) and the

four principal components (of 17 variables) from SIMCA are

shown in Table VI.

One method of determining whether any relationships

exist between a set of response measures and a set of

predictors is the method of canonical correlation. In a



Table VI. Quantitative biological Data for Androgens in Rats.a

Drug 1

Discriminant
2 3

Functions
4 5

Principal Components
1 2 3 4 VPd

Oral
b

SV e LI f VP
Sc

SV LI

82 -5.147 -2.095 0.069 1.110 0.068 -1.080 0.014 0.277 -.209 28 50 36 100 100 100

83 -6.080 -4.431 0.896 -1.619 -.285 0.981 -.692 0.062 -.005 100 100 100 103 94 115

84 -7.639 -4.555 0.483 -2.134 0.093 1.803 0.140 0.005 0.003 45 45 320 100 64 230

85 -3.028 -1.843 1.161 1.394 0.167 -3.430 -.311 -.022 0.117 11 18 140 50 27 125

86 -7.768 -3.964 -.709 -.709 0.587 -.301 2.210 0.084 0.006 - - 49 36 114

87 -5.859 -6.171 -1.237 -2.629 -.490 2.050 0.548 -.220 -.037 30 30 320 136 169 120

88 -4.961 -4.130 1.409 -1.002 -.238 -1.120 -.351 -.491 -.039 40 40 200

89 -6.000 -4.051 1.329 -1.242 0.360 0.728 -.838 0.181 0.206 6 12 30 57 47 144

90 -7.287 -3.564 -.335 -1.507 -.732 1.187 -.722 0.084 -.120 24 24 322

a Data from Ref. 241 some values missing.
bOral potencies relative to 17-a-siethyltestosierone.
cSubcutaneous potencies relative to testosterone.
dVentral prostate index.
eSeminal vesicle index,
fLevator ani index.
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manner similar to a principal components analysis (35),

canonical correlation analysis generates linear

combinations of both the biological indices and the

predictor variables. The functions are formed in a way

such that the correlation coefficients between the

predictors and the responses are maximized. The

correlation coefficients from this procedure represent the

highest possible linear correlations obtainable from the

data (36). When applied to the data of Table VI, canonical

correlations were generally higher for the discriminant

function values (oral: 0.99, 0.782, 0.648; subcutaneous:

0.99, 0.908, and 0.826) than for the principal component

scores (oral: 0.99, 0.824, 0.347; subcutaneous: 0.794,

0.761, and 0.524). The seminal vesicle (SV) and ventral

prostate (VP) indices are highly correlated with each other

for these compounds (Table VII). When only the VP and

levator (LI) indices were used in the canonical correlation

analysis, the discriminant functions still showed somewhat

higher correlations with the biological data (oral: 0.829

and 0.740; subcutaneous: 0.999 and 0.968) than did the

principal components (oral: 0.959 and 0.465; subcutaneous:

0.977 and 0.589). This indicates that the discriminant

function values, as a group, are generally better

correlated with the biological indices, as a group, than

are the principal component values. It does not, however,

reveal anything about the relationships involving



Table VII. Correlation Matrix for the Data in Table VI.
a

ORAL SUBCUTANEOUS

PC 1 PC 2 PC 3 PC 4VP SV LI VP SV LI
VP0 1.0 0.953 0.407 0.757 0.593 0.004 0.318 0.227 -.265 -.558

SV0 - 1.0 0.135 0.685 0.549 -.130 0.157 0.192 -.076 -.567

LI0 1.0 0.435 0.215 0.462 0.370 0.380 -.592 -.205

VPsc 1.0 0.949 0.065 0.568 -.194 -.324 -.606

SVsc 1.0 -.157 0.573 -.122 -.254 -.603

LIsc - - 1.0 0.452 -.150 -.207 0.357

DF 1 -.341 -.218 -.306 -.163 -.173 -.401 -.755 -.383 -.232 0.182

DF 2 -.351 -.167 -.453 -.532 -.575 -.282 -.849 -.179 0.432 0.089

DF 3 -.193 -.089 -.455 -.391 -.496 0.265 -.408 -.630 -.116 0.485

DF 4 -.364 -.157 -.507 -.542 -.572 -.465 -.950 -.012 -.317 -.062

DF 5 -.493 -.290 -.656 -.862 -.821 0.100 -.379 0.474 0.357 0.484

a
Logs of androgenic indices used in correlations; all other values as in
Table VI.
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individual predictor or response variables, nor does it

give any indication about possible nonlinear relationships.

The method of Furnival and Wilson (37) was used to find the

best individual one- and two - variable regression models

among the many possible combinations of discriminant

function or principal component values for this data, and

the most significant equations were found to involve the

subcutaneous activity indices:

Log VP(sc) = 1.929 - 0.423 DF5 (1)

std. err. (0.038) (0.111)

n = 7, r
2 = 0.743, s = 0.099, F(1,5)= 14.75 (p=0.013)

Log VP(sc) = 1.739 0.032 DF1 - 0.442 DF5 (2)

std. err. (0.137) (0.022) (0.101)

n = 7, r
2 = 0.831, s = 0.055, F(2,4)= 9.79 (p=0.029)

Log SV(sc) = 1.854 0.624 DF5 (3)

std. err. (0.067) (0.195)

n = 7, r2 = 0.674, s = 0.174, F(1,5)= 10.30 (p=0.024)

Log SV(sc) = 1.491 - 0.062 DF1 - 0.679 DF5 (4)

std. err. (0.244) (0.040) (0.176)

n = 7, r2 = 0.794, s = 0.154, F(2,4)= 7.73 (p=0.042)

Log VP(sc) = 1.909 + 0.053 PC1 - 0.873 PC4 (5)

std. err. (0.044) (0.023) (0.378)

n = 7, r2 = 0.718, s = 0.116, F(2,4)= 5.10 (p=0.079)

No squared or interaction terms were found to be

significant. Plots of Eqs. (1) and (3) are seen in Figure

3. Interestingly, the compound which shows anomalously low
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Figure 3. Subcutaneous potencies of androgens on ventral

prostate (VP) and seminal vesicle (SV) indices,

as a function of the fifth canonical

discriminant function. Solid circle is

nandrolone, and dashed lines show 95% confidence

regions for predicted values.
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activity is nandrolone, which was also the only androgen to

be misclassified in both the discriminant analysis and

SIMCA procedures.

SUMMARY AND CONCLUSIONS

This research has shown the use of a number of

whole-molecule MC indices of varying types and orders as

predictors of the type of activity a compound possesses.

For the drugs and descriptors studied, similar

classification rates were obtained with discriminant

analysis and SIMCA, when original-sample methods were

applied. When a holdout-by-four method of verification was

applied, the linear discriminant function was more

effective than either SIMCA or quadratic classification.

The latter methods both rely on the local properties of the

individual classes, which may not be well-modelled with

small numbers of observations. Using the jackknifed linear

discriminant function, various success rates from 50% to

100% were observed, with an average of 66% correct for the

nonsteroids, and 98% correct for the steroids in the study.

These values may be inflated by a random component of

classification which was estimated to be near 9%. The

results clearly demonstrate the advantage of working with

structurally similar compounds, which is true of most SAR

studies.
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For the androgens, the canonical discriminant function

values showed generally higher linear correlations with a

number of relative potency indices. The evidence suggests

that no advantage is to be gained by using techniques other

than discriminant analysis for the classification and

perhaps even the modelling of small numbers of therapeutic

agents. This may not be generally true, however, and it

must be admitted that we do not yet possess much expertise

with SIMCA and other methods of pattern recognition. By

their very nature, these methods are highly interactive,

and the element of interaction is a vital ingredient for

their successful use.

Recent criticism has been directed at the use of MC

indices in correlation analysis (38). Two of the points of

contention are: 1) it is impossible to design a drug with a

specific MC value, since the values are not generally

unique, and 2) the calculation and use of MC terms must be

arbitrarily truncated. These points are well-taken, but it

is felt that they do not apply to the use of MC terms in

more qualitative SAR problems such as the one demonstrated

here. Probably the greatest value of classification

techniques lies in the characterization and screening of

already existing agents, rather than the design of the most

potent congeners of a series. This has been discussed in a

recent review by Unger (39). Also, the redundancy of

information in MC indices has been illustrated in the
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present article, and this would tend to refute the need to

calculate a greater number of terms than was used here.

Regardless of the method of analysis, it is clear that

wholemolecule MC indices are useful descriptors for

classification and modelling purposes. It is suggested

that researchers investigate a variety of types and orders

of both simple and valence MC terms, if the use of any such

terms is contemplated.
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APPENDIX I

Calculation of Fragment MC Values. The fragment MC

terms used in this report are the basic elements from which

whole-molecule MC indices are constructed. They are

essentially additive and constitutive in nature, just as

most of the common physicochemical properties are (Tr ,a ,

molar refraction, etc.) .

The most fundamental element of molecular connectivity

for both fragment and whole-molecule terms is the

connectedness value Delta. For carbon atoms, and

considering only valence connectedness, this can be

calculated as the number of bonds joining the atom in a

hydrogen-suppressed structure. For higher-row atoms,

consideration is made for valence electrons, and values can

be calculated using the formula given by Kier (16). Delta

values are indicated for each of the positions in Figure 1 .

Also indicated in Figure 1 are the calculations for

the other fragment MC terms for the circled positions. The

MC
0
term is calculated as the inverse square root of the

Delta value:

MC
0,1

. = (Deltai)
-1/2
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For both Delta and MC0, the influence of the nature of

adjacent substituents on the MC term is small. More

sensitive to neighboring groups are the MC1 and MCn terms.

For this report, the MC1 value at a given position was

defined as the sum of the contributions of the first-order

values for each of the bonds joining the position:

MC.
1,1 1

=(Delta.'Delta.)
-1/2

+ (Delta.1 'Delta
k

)

-1/2
+

The higher-order terms, MCn, were calculated as the inverse

root of the product of all the Delta values used in the

calculation of the MC
1

term, using each Delta value only

once:

MCn,i = (Deltai*Deltai'Deltak....)
-1/2
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For the position circled:

Delta (e) = 4

MC
0

(

0
x
v

) = (4)
-1/2

= 0.5

MC
1

(

1
x
v

) = (4.3)
-1/2

+ (4.6)

= 0.846

MC
n

(nxv ) = (2'4'6'3)-1/2

-1/2 + (4'2) -1/2

= 0.0833

Figure 1. Calculation of the fragment molecular
connectivity indices used in this research.
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APPENDIX II

PROGRAMS FOR REGRESSION

ANALYSIS AND KINETIC

CALCULATIONS
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PROGRAM LEAPS (INPUT,OUTPUT,TAPE5=INPUT,TAPE6=OUTPUT,TAPE1)
DIMENSION RR(5360) , IJOB(4) , IXS(20), STAT(200) , IXV(20) , WAR
1(1800)

DIMENSION IXB(15) , BEST(500,4), WK(520) , IW(1400), IFORMAT(8)
DIMENSION X(50,50), R(50,50)

PROGRAM FOR LEAPS AND BOUNDS REGRESSION ANALYSIS; USES IMSL
SUBROUTINES; TO USE (UNDER NOS):

/GET, LEAPB<COMPILED BINARY VERSION OF THIS PROGRAM>
/ATTACH,IMSL/UN=LIBRARY
/LIBRARY, IMSL
/GET,TAPE1=<DATA FILE>
/LEA.PB

WRITE (6,30)

FORMAT (38H HOW MANY
READ (5,*) KZ
WRITE (6,40)
FORMAT (38H HOW MANY

VARIABLES TOTAL (INDEP+DEP) )

OBSERVATIONS?(CR IF UNKNOWN) )

READ NOBS; IF CARRIAGE RETURN, COUNT OBSNS AUTOMATICALLY

READ (5,*) NOBS
IF (E0F(5).NE.0) NOBS = 0
WRITE (6,50)

50 FORMAT (35H ENTER INPUT FORMAT, CR IF FREEFORM)
C

C READ INPUT FORMAT; IF CR, USE FREEFORM INPUT

READ (5,60) (IFORMAT(I),I=1,8)
60 FORMAT (8A10)

IF (EOF(5).NE.0) GO TO 100
REWIND 1
IF (NOBS.GT.0) GO TO 80

70 NOBS = NOBS+1
READ (1, 'FORMAT) (X(NOBS,J),J=1,KZ)
IF (EOF(1).EQ.0) GO W 70
NOBS = NOBS-1
GO TO 140

80 DO 90 I= 1,NJBS
90 READ (1,IFORMAT) (X(I,J),J =1,KZ)

GO TO 140
100 REWIND 1

IF (NOBS.GT.0) GO TO 120
110 NOBS = NOBS+1

READ (1,*) (X(NOBS,J),J =1,KZ)

IF (E0F(1).EQ.0) GO TO 110
NOBS = NOBS-1
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GO TO 140
120 DO 130 I =1 , NOBS
130 READ (1 ,*) (X (I ,J) ,J=1 ,KZ)
140 CONTINUE

WRITE (6, 145) NOBS
145 FORMAT (1X , 15, 20H OBSERVATIONS READ. )

WRITE (6 , 150 )
150 FORMAT (31H WHICH COLUMN IS DEPENDENT (Y) )

READ (5 ,*) IY
C
C READ INTO THE R MATRIX
C

CO 160 I=1 , NOBS
160 R(I,KZ) = X (1,1?)

J = K = 0
170 K = K+1

J = J+1
IF (J . EQ. IY) J = J+1
IF (K.EQ.KZ) GO TO 190
DO 180 I=1 ,I\OBS

180 R(I,K) = X (I,J)
GO TO 170

190 CONTINUE
C

C CALCULATE THE SU4 OF SQUARES MATRIX
C FIRST, FIND MEANS, THEN GENERATE X-XBAR, THEN FIND THE
C SLMSQRS AND CROSS-PRODUCT TERMS
C

DO 220 I=1,KZ
SlIvl = .
DO 200 J=1 ,NOBS

200 SUM = SUM+R (J, I)
XBAR = SUM/NOBS
DO 210 J =1, NOBS

210 R (J, I) = R(J,I)-XBAR
220 CONTINUE

C

C GENERATE THE SSCP MATRIX
C

DO 230 1=1 , 5360
230 RR(I) = 0.

= 1
DO 260 I=1 , KZ

DO 250 3=1 , I
SS = 0.
DO 240 K =1, NOBS

240 SS = SS+ (R (K, I) *R (K,J) )
RR (IJ) = SS
IJ = IJ+1

250 CONTINUE
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260 CONTINUE
C
C SET UP THE IJOB PARAMETERS
C

IJOB(1) = NOBS-1
WRITE (6,270)

270 FORMAT (23H ENTER CRITERION VALUE-/11H 1=R-SQ/20H 2=ADJUS

lED R-SQ/17H 3=MALLOWS CPA
READ (5,*) IJOB(2)
WRITE (6,275)

275 FORMAT(38H HOW MANY TOP MODELS TO BE CALCULATED-)
READ (5,*) IJOB(4)
WRITE (6,280)

280 FORMAT (44H HOW MANY OF THOSE CALCULATED TO BE PRINTED-)
READ (5,*) IJOB(3)
CALL RLEAP (RR,KZ,IJOB,IXS,STAT,IXV,NVAR,IXB,BEST,100,WK,IW,IER)
CALL USLEAP (IJOB,KZ,IXS,STAT,IXV,NVAR,IXB,BEST,100)
WRITE (6,290)

290 FORMAT (17H MORE -(YES OR NO))
READ (5,300) IRESP

300 FORMAT (A3)
IF (IRESP.EQ.3HYES) GO TO 20
STOP
END
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PROGRAM FSTAT (INPUT,OUTPUT,TAPE5=INPUr,TAPE6=OUTPUT,TAPE1,TAPE2,
1TAPE3,TAPE4,TAPE7,TAPE8,TAPE9,TAPE10)

C
C

C FINDS ALPHA SIGNIFICANCE LEVEL FOR F, ONE-TAIL T (Ti),

C TWO-TAIL T (T2), OR CHI-SQUARED (CHI) STATISTICS; USES
C IMSL SU3ROUTINES
C TO USE UNDER NOS
C

C /ATTACH, IMSL/UN=LIBRARY
C /LIBRARY, IMSL
C /GET,<COMPILED BINARY OF THIS PROGRAM>

C /<COMPILED BINARY FILE NAME>
C

C

C
C
C

20 WRITE (6,30)
30 FORMAT (26H ENTER DATA LUN(5 IF TrY):)

READ (5,*) LUN
IF (LUN.NE.5) REWIND LUN

40 WRITE (6,50)
50 FORMAT (52H ENTER STATISTIC TYPE (r1,T2,F,CHI,OR ZERO TO STOP):)

READ (LUN,60) ITYPE
60 FORMAT (A4)

IF (ITYPE.EQ.4HF ) GO TO 80

IF (ITYPE.EQ.4Hr2 ) GO TO 130

IF (ITYPE.EQ.4HT1 ) GO TO 190
IF (ITYPE.EQ.4HCHI ) GO TO 250
IF (ITYPE.EQ.4H0 ) STOP
WRITE (6,70)

70 FORMAT (44H TRY AGAIN-USE ONE OF THE ITEMS LISTED ONLY.)

GO TO 40
80 WRITE (6,90)
90 FORMAT (25H ENTER DF1 AND DF2 FOR F:)

F STATISTIC

READ (LUN,*) N1,N2
IF (NI.LE.0.OR.N2.LE.0) GO TO 80
WRITE (6,100)

100 FORMAT (26H ENTER VALUE OF STATISTIC:)
READ (LUN,*) F
IF (F.LE.0.) GO TO 80
CALL MDFD (F,N1,N2,P,IER)
IF (IER.NE.0) WRITE (6,110) IER

110 FORMAT (11H ERROR NO. ,I4)

WRITE (6,120) N1,N2,F,(1.0-P)
120 FORMAT (4H F (,I4,1H,I4,5H) OF ,F8.3,9H ===> P= ,G12.5)

GO TO 40
130 WRITE (6,140)
140 FORMAT (10H ENTER DF:)
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READ (LUN,*) DF
IF (DF.LE.0) GO TO 130
WRITE (6,150)

150 FORMAT (24H ENTER 2-TAILED T VALUE:)
READ (LUN,*) TVAL
IF (TVAL.EQ.0.) GO TO 170
CALL METD (TVAL,EF,Q,IER)
IF (IER.NE.0) WRITE (6,110) IER
WRITE (6,160) DF,TVAL,Q

160 FORMAT (17H 2-TAILED T WITH ,F4.0,7H DF OF ,F8.3,9H => P= ,G12
1.5)
GO TO 40

170 WRITE (6,180)
180 FORMAT (23H 2-TAILED T NOT DEFINED)

GO TO 40
190 WRITE (6,200)
200 FORMAT (10H ENTER DF:)

C

C ONE -TAIL T
C

READ (LUN,*) OF
IF (DF.LE.0) GO TO 190
WRITE (6,210)

210 FORMAT (24H ENTER 1-TAILED T VALUE:)
READ (LUN,*) TVAL
IF ('rVAL.EQ.0.) GO TO 230
CALL MDTD (TVAL,DF,Q,IER)
IF (TVAL.LT.0.) Q = 1.0-Q/2.0
IF (TVAL.GT.0.) Q = Q/2.0
IF (IER.NE.0) WRITE (6,110) IER
WRITE (6,220) DF,TVAL,Q

220 FORMAT (17H 1-TAILED T WITH ,F4.0,7H DF OF ,F8.3,9H ===> P= ,G12
1.5)
GO TO 40

230 WRITE (6,240)
240 FORMAT (21H FOR T=0.000, P=0.500)

GO TO 40
250 WRITE (6,260)
260 FORMAT (10H ENTER DF:)

C

C CHI-SQUARED STATISTIC
C

READ (LUN,*) DF
IF (DF.LE.0) GO TO 250
WRITE (6,270)

270 FORMAT (20H ENTER CHI-SQ VALUE:)
READ (LUN,*) CS
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IF (CS.LE.0.) GO TO 250
CALL MECH (CS,CF,P,IER)
IF (IER.NE.0) WRITE (6,110) IER
WRITE (6,280) DF,CS,(1.0-P)

280 FORMAT (13H CHI -SQ WITH ,F4.0,7H CF OF ,F8.3,9H ===> P= ,G12.5)
GO TO 40
END
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PROGRAM CORNY (INPUT,OUTPUT,TAPE1=INPUT,TAPE2=OUTPUT)
C
C COMPUTES VMAX AND KIM VALUES BY THE METHOD OF CORNISH-BOWDEN

C AND EISENTHAL (BIOCHEA. J.,139 (1974) 175.
C. INPUT IS INITIAL VELOCITY (CONC/TIME) AND [SUBSTRATE]
C COMPUTES ALL INTERSECTIONS VIJ, KIJ, OF THE DIRECT
C LINEAR PLOT AND FINES THE MEDIAN +/- A CONFIDENCE
C INTERVAL BASED ON KENDAL*S TAU, OR A NORMAL APPROXIMATION
C THEREOF. DESIGNED FOR TTY USE
C

REAL V(20),S(20),VIJ(200),KIJ(200),MEDIANV,MEDIANK
1 PRINT*," ENTER [S] AND V VALUES END WITH BLANK LINE:"

N = 1
10 READ (1,*) S(N),V(N)

IF (E0F(1).NE.0) GO TO 20
N = N+1
GO TO 10

20 NUMBER = N-1
NUMV = 0
NUMBER]. = NUMBER-1

C

C CALCULATION OF ALL FEASIBLE TIJ *S

C
CO 30 I=1,NUMBER1

DO 30 J =I ,NUMBER

IF (S(I).EQ.S(J)) GO TO 30
R1 = S(I)/V(I)
R2 = S(J)/V(J)
IF (R1.EQ.R2) GO TO 30
TEMPV = (S(I) -S(J))/(R1 -R2)
IF (TEMPV.LE.0) GO TO 30
NUMV = NUMV+1
VIJ(NUMV) = TEMPV

30 CONTINUE
NU4K = 0

C
C CALCULATION OF ALL FEASIBLE KIJ*S
C

DO 40 I=1,NUMBER1
DO 40 J=I,NUMBER

IF 0/(I).EQ.V(J)) GO TO 40
R1 = V(I)/S(I)
R2 = V(J)/S(J)
IF (R1.EQ.R2) GO TO 40
TEMPK = Of(J) -V(I))/(R1 -R2)

IF (TEMPK.LE.0) GO TO 40
NUMK = NUAK+1
KIJ (NUMK) = TEMPK

40 CONTINUE
C
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C SUBROUTINE SORT ORDERS VALUES, COUNTS TO THE MEDIAN
C

CALL SORT (VIJ,NUMV,MEDIANV)
WRITE (2,70) NUMBER,NUMV,MEDLNNV

C
C SUBROUTINE INTERVL FINDS C.I.S IF POSSIBLE

C
CALL INTERVL (VIJ,NUMBER,NUMV)
CALL SORT (KIJ,NUMK,MEDIANK)
WRITE (2,80) NUMBER,NUMK,MEDLANK
CALL INTERVL (KIJ,NUMBER,NUMK)

C
C SUBROUTINE INHIB INPUTS THE [INHIBITOR], [S], AND V VALUES

C AND FINES AN APPARENT I71 (=KM(1+[I]/KI))

C

PRINT*,"INHIBITORS?(1=YES)"
READ (1,*) IRESP
IF (IRESP.LE.0) GO TO 60

50 CALL INHIB (KIJ,NUMBER,NU1K)
PRINT*,"MORE INHEBITORS?(1=YES)"
READ (1,*) IRESP
IF (IRESP.GE.1) GO TO 50

60 PRINT*,"MORE ENZYME DATA?(1=YES)"
READ (1,*) IRESP
IF (IRESP.GE.1) GO TO 1

C
C EXIT
C

STOP
C

70 FORMAT (I5,* OBSNS,*,I7,* POINTS,MEDIAN VIJ VALUE:*,1PG12.5/)

80 FORMAT (I5,* OBSNS,*,I7,* POINTS, MEDIAN KIJ VALUE:*,1PG12.5/)

END

C
C

SUBROUTINE SORT (K,NX,XBAR)

C
C SORTS BY SHELLSORT (KERNIGHAN AND PLAUGER,"ELEMLNTS OF

C PROGRAMMING STYLE", 2ND ED, MCGRAW HILL, 1978, P. 134.

C BREAKS SAMPLE IN HALF-CAN USE FEWER COMPARISONS FOR

C LARGE (GT 1000) SAMPLE SIZES THAN COMPARABLY

C SIMPLE PROGRAMS
C

DIMENSION X(NX)
IGAP = NX

10 IF (IGAP.LE.1) GO TO 40
IGAP = IGAP /2

IMAX = NX-IGAP
20 IEX = 0
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DO 30 I =1, 1MAX

IPLUSG = I+IGAP
IF (X (I) .LE.X(IPLUSG) ) GO TO 30

SAVE = X (I )

X (I) = X (IPLUSG)

X (I PLUSG) = SAVE

IEX = 1

30 CONTINUE
IF (IEX.NE. 0) GO TO 20
GO TO 10

C
C MEDIAN DETERMINATION
C

40 IHALF = NX/2
C
C IF ODD NUMBER-USE TRUE MEDIAN
C

IF (MOD(NX, 2) .NE.0) GO TO 50
C

C IF EVEN, USE THE MG OF THE TWO CENTRAL VALUES
C

C

C

C

XBAR = (X (IHALF) +X (I HALF+1 ) ) /2.

RETURN
50 XBAR = X (IHALF)

RETURN
END

SUBROUTINE HISTO ( XIJ(NUMX)

C
C OPTIONAL HISTOGRAM OF RESULTS-USES IMSL SUBROUTINE USHIST
C

DIMENSION XIJ(NUMX) , TALLY (30 ) , A(64) , W(17) , IW( 50 ) , NAME (2)

DATA NAME (1) ,NAME (2) , LOGF LAG/1 OH LINEAR ,10H LOG ,1/

XADD = ABS (2.*XIJ (1 ) )

DO 10 I=1 , NUMX

XIJ(I) = ALOG(XIJ(I)+XADD)
10 CONTINUE

LOGF LAG = 2

NINTER = MAX1 (10. , (1 . +3 . 3*ALOG (FLOAT (NUMX) ) ) )

XINTER = (XI J (NUMX) -XIJ (1 ) ) /N INTER

DO 20 I=1 , NINTER

20 TALLY (I) = 0 .

I = 1

XHIGH = XIJ (1 ) +XINTER

DO 40 IJ=1 ,NUMX

IF (XIJ (IJ) .GT. XHIGH) GO TO 30

TALLY(I) = TALLY(I)+1.
GO TO 40
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30 I = I+1
IF (I.GT.NINTER) GO TO 60
XHIGH = XHIGH+XINTER
TALLY(I) = TALLY(I)+1.

40 CONTINUE
DO 50 I=1,NINTER

TALLY(I) = ALOG(TALLY(I)+1.)
50 CONTINUE
60 CALL USHIST (TALLY,NINTER,1,A,W,IW,IER)

WRITE (2,70) NUMX,XIJ(1),XIJ(NUMX)
RETURN

C

70 FORMAT (I7,* POINTS -FROM*,1PG12.5,* TO*,1PG12.5,*SCALE IS LOG*/)
END

C

C

SUBROUTINE INTERVL (XIJ,NUABER,NUMX)

C FINES A CONFIDENCE INTERVAL BASED ON KENDALL*S TAU
C (M. KENDALL, BIOMETRIKA, 30 (1938) 81 ) OR A NORMAL

C APPROXIMATION TO IT (D. BEST, BI3METRIKA, 60 (1973) 429).
C EITHER WAY, IT IS A COUNT DOWN FROM THE MEDIAN
C RATHER THAN AN ADDITION OR SUBTRACTION OF A CONSTANT
C AS WITH PARAMETRIC STATISTICS (E.G. STD ERROR)
C

REAL XIJ(NUMX)
C
C T*S ARE THE NUMBERS OF OBSERVATIONS TO COUNT UP OR DCWN
C FROM THE MEDIAN FOR A GIVEN LEVEL OF CONFIDENCE- IF SAMPLE
C SIZE IS TOO SMALL, NO INTERVAL IS CCMPUTED.
C

C

C
C

INTEGER T90 (37) ,T95 (37) ,T99 (37)

DATA T90/6,8,11,13,16,18,21,23,26,28,33,35,38,42,45,49,52,56,61,6
1,68,72,77,81,86,90,95,99,104,108,113,117,122,128,133,139,144/
DATA T95/8,10,13,15,18,20,23,27,30,34,37,41,46,50,53,57,62,66,71,
175,80,86,90,95,100,106,111,117,122,128,133,139,146,152,157,163,17
2/
DATA T99/8,12,15,19,22,26,29,33,38,44,47,53,58,64,69,75,80,86,91,
199,104,110,117,125,130,138,145,151,160,166,175,181,190,198,205,21
2,222/
IF (NUMBER.LT.4) GO TO 20
IHALF = NUMX/2
IF (MOD(NUMX,2).NE.0) IHALF = IHALF+1
IF (NUMBER.LT.40) GO TO 10

FOR NUMBER GT 40 USE NORMAL APPROXIMATION

RAD = (NUMBER*(NUMBER-1)*(2*NUMBER+5)/18)
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RAD = SCRT(RAD)
IT90 = 1.65*RAD
IF (IHALF.LT.IT90+1) GO TO 20
XLOW = XIJ(IHALF-IT90)
XHIGH = XIJ(IHALF+IT90)
WRITE (2,30) XLOW,XHIGH
IT95 = 1.96*RAD
IF (IHALF.LT.IT95+1) GO TO 20
XLOW = XIJ(IRALF-IT95)
XHIGH = XIJ(IHALF +IT95)
WRITE (2,40) XLOW,XHIGH
IT99 = 2.57*RAD
IF (IHALF.LT.IT99+1) GO TO 20
XLOW = XIJ(IHALF-IT99)
XHIGH = XIJ(IHALF+IT99)
WRITE (2,50) XLOW,XHIGH
RETURN

C
C FOR NUMBER LT 40 USE THE KENDALL TAU TABLE
C

10 INDEX = NUMBER-3
IF (IHALF.LT.T90(INDEX)+1) GO TO 20
XLOW = XIJ(IHALF-T90 (INDEX))
XHIGH = XIJ(IHALF+T90(INDEX))
WRITE (2,30) XLOW,XHIGH
IF (IHALF.LT.T95(INDEX)+1) GO TO 20
XLOW = XIJ(IHALF-T95(INDEX))
XHIGH = XIJ(IHALF+T95(INDEX))
WRITE (2,40) XLOW,XHIGH
IF (IHALF.LT.T99(INDEX) +1) GO TO 20
XLOW = XIJ(IHALF-T99(INDEX))
XHIGH = XIJ(IHALF+T99(INDEX))
WRITE (2,50) XLOW,XHIGH
RETURN

20 WRITE (2,60)
RETURN

C

C

C

C

30 FORMAT (* 90%CI:*,1PG12.5,* TO*,1PG12.5/)
40 FORMAT (* 9556CI:*,1PG12.5,* TO*,1P312.5/)
50 FORMAT (* 99KI:*,1PS12.5,* TO *,1PG12.5 /)
60 FORMAT (*FURTHER CI-S NOT DEFINED*/)

END

SUBROUTINE INHIB (KIJ1,NLMB,N(UK1)
C

C PERFORMS CALCULATIONS SIMILAR TO MAIN PROGRAM, BUT IN
C PRESENCE OF AN INHIBITOR (COMPETITIVE). COMPUTES AN
C APPARENT KM (=KM*(1+(I)/KI))- FINES KI VALUE BY LOOKING
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C AT ALL FEASIBLE CCMBOS

C
DIMENSION S (20) , V(20)

REAL KIJ1 (NUMK1) ,KIJ2 (200) ,KI (5500)

PRINT* ," INHIBITOR CONCENTRATION ?"

READ (1 ,*) CONC I

PR INT* , " ENTER [S] AND V VALUES END WITH BLANK LINES:"
N = 1

10 READ (1 ,*) S (N) , V (N )

IF (E0F(1) .NE.0) GO TO 20
N = N+1
GO TO 10

20 NUMBER = N-1
NUMBER1 = NUMBER-1
NUMK2 = 0
DO 30 I=1 , NUMBER1

DO 30 J=I , NUMBER

IF (V (I) .EQ.V(J) ) GO TO 30

R1 = V(I)/S(I)
R2 = V (J)/S(J)

IF (R2. EQ.R1) GO TO 30
TEMPK = (V (J)-V (I) ) /(R1-R2)

IF (TEMPK. LE.0) GO TO 30

NUMK2 = NUMK2+1
KIJ2 (NUMK2) = TEMPK

30 CONTINUE
CALL SORT (KIJ2, NUMK2,MEDK2)
WRITE (2, 50 ) NUMB ER , NLMK2, MEDK2

CALL INTERVL (KIJ2, NUMBER, NLMK2)

C
C FORM ALL CCMBINATIONS TO GET MEDIAN KI
C DIFFERENT FRGM PORTER AND TRAGER (BIOCHEM J., 161 (1977)

C P. 293) IN THAT ALL FEASIBLE COMBINATIONS ARE EXAMINED
C TAKES MORE CPU TIME, BUT' ELIMINATES NEED FOR RANDOM

C PAIRING AND SELECTION. HOLLANDER AND WOLFE ("NONPARAMETRIC

C STATISTICAL METHODS, WILEY, N.Y., 1974, P. 214) POINT
C OUT THAT THIS IS REALLY THE PREFERRED METHOD WHEN
C TRYING TO ESTIMATE THE DIFFERENCE BETWEEN IWO REGRESSION
C SLOPES (AS OPPOSED TO TESTING WHETHER THE DIFFERENCE IS
C SIGNIFICANTLY DIFFERENT FROM ZERO)

NUMKI = 0
DO 40 I=1 , NUMK1

DO 40 J=1, NUMK2

IF (KIJ1 (I) .GE.KIJ2 (J) ) GO TO 40

NUMKI = NUMKI+1
KI (NUMKI) = CCNCI*(KIJ1 (I) ) /(KIJ2(J)-KIJ1 (I) )

40 CONTINUE
CALL SORT (KI , NUMKI , KIBAR)

WRITE (2 , 60 ) NUMKI , KIBAR
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NUMK = NUMK1+NUMK2
CALL INTERVL (KI,NUMK,NUMKI)

C WRITE(2,8)
C 8 FORMAT(* LOG HISTOGRAM OF KI VALUES. */)

RETURN
C

50 FORMAT (I5,* OBSNS,*I7,* POINTS,MEDIAN K4(APPARENT)=*,1PG12.5/)
60 FORMAT (I7,* VALUES,MEDIAN KI=*,1PG12.5/)

END
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APPENDIX III

PLOTTING PROGRAMS
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PROGRAM TRIDEE (TAPE49, INPUT, OUTPUT, TAPE60 =IN PUT , TAPE61=OUTPUT,

1TAPE1 , TAPE 2, TAPE 3, TAPE4 , TAPES, TAPE6, TAPE7, TAPE8, TAPE9 , TAPE10)

C
C FORTRAN PROGRAM FOR PRODLC LNG THREE-D LINE PRINTER PLOTS
C TAPE 49 IS OUTPUT FILE FOR PLOTS
C TAPES 1 TO 10 ARE INPUT DATA FILES
C TAPE 60 IS =I INPUT (MAY ALSO BE DATA)
C TAPE 61 IS TTY OUTPUT

COMMON X(1000) ,Y(1000) ,Z(1000)

COMMON LABX (20) , LABY (20 ) , LABZ (20 )

DIMENSION ICHAR (70 , 120 ) , 1CLASS (1000 ) , ISYMBOL (40)

DIMENSION ICHAR1 (70, 11) , INDEX (1 5)

DIMENSION LETTER (80) , XVALUE (7) , YVALUE (10) , ZVALUE (9 )

DATA 'SYMBOL/1E1A, 1HB ,1HC , 1HD, 1HE , 1HG, 1HH, 1H I , 1HJ, 1HK, 1HL, 1HM,

11HN, 1H0 , 1HP, 1HQ, 1HR,1HS , 1HT, 1HU, 1HV, 1HW, 1H$ , 1HY,1HZ , 1H1, 1H2, 1H3,

21H4, 1H5, 1H6, 1H7, 1H8, 1H9, 1HO, 1H=, 1H( ,1H) ,1H7

DATA IB LANK, ISLASH, 'COMMA, IVERT, ISTAR, IPLUS, IDOT, ICROSS/1H
11H/ , 1H- , 1H, ,1HI , 1H* , 1H+, 1H. ,1HX/

DATA INDEX/4,9,14,19, 24, 29, 34, 39,41,45, 50, 55,60, 65,70/
C
C READ SURFACE OPTION -IF THIS IS A SURFACE PLOT, NO NEEDLE
C PROJECTIONS WILL BE DRAWN FROM THE POINTS TO THE FLOOR OF
C THE PLOT
C
C READ THE NUMBER OF THE DATA FILE
C

1 PRINT*," IS THIS A SURFACE? ( 1 =YES , O'10) "

READ (60 ,*) ISURF
PRINT* ," ENTER EATA FILE NUMBER (1 TO 10, OR 60 IF TTY) : "
READ (60 ,*) IDATA

C
C FIND THE NUMBER OF OBSERVATIONS AND THE NUMBER OF GROUPS
C FOR THIS SET OF DATA
C IF IDATA IS 60, INPUT X, Y, AND Z VALUES FROM TTY
C

IF (IDATA. EQ. 60 ) PRINT* ,

145HENTER X, Y, Z, AND GROUP-END WITH BLANK LINES
C
C IF IDATA IS A FILE, READ THE DATA IN
C

N = 0
K = 1

10 N = N+1
READ (IDATA,*) X (N) ,Y (N) , Z (N ) ,CLASS

IF (EOF (IDATA) . NE. 0) GO TO 20

KLASS(N) = CLASS
IF (KLASS(N) .GT.40) KLASS(N) = MOD (KLASS (N) ,40)

K = MAX() (KLASS (N) ,K)

GO TO 10
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20 CONTINUE
N = N-1

C

C IF THE DATA IS READ FRQI A FILE OTHER THAN 60, PRINT THE RAW lakT
C

IF (N. LE. 1) STOP
IF (ISURF.GE.1) GO TO 60
IF ( IDATA-60 ) 30 , 60 , 30

30 WRITE (49,40)
40 FORMAT (1H1, 3X, 1HI,5X, 4HX(I)

16HSYMBOL//)
WRITE (49,50) (I,X(I) ,Y(I) ,Z

50 FORMAT (1H , I4, 1X, 1PE10. 3,1X,
60 CONTINUE

DO 70 1=1, 80
70 LETTER (I ) = IB LANK

DO 80 1=1 , 20
80 LABX(I) = LABY(I) = LABZ(I) = IB LANK

PRINT* ," ENTER X, Y, Z LABELS-TO 20 CHARS-SEPARATE WITH CAMAS"
READ (60 , 90 ) (LETTER (I ) , I=1 , 80 )

90 FORMAT (80A1)
IF (E0F(60) .NE.0) GO TO 150

,6X,4HY(I) ,

( I ) , KLASS (I
1PE10. 3,1X,

6X,4HZ(I) ,4X,8HGROUP(I) ,4X,

) , ISYMBOL (KLASS (I ) ) , I =1, N)
1PE10. 3, 15, 9X, A1)

C

C DECODE THE X, Y, AND Z LABELS
C
C FIRST THE X-AXIS LABEL
C

NCHAR = 0
DO 100 1=1,20

NCHAR = NCHAR+1
IF (LETTER(NCHAR).EQ.ICOMMA) GO TO 110

100 LABX(I) = LETTER(NCHAR)
C

C THEN THE Y-AXIS LABEL
C

110 DO 120 1=1,20
NCHAR = NCHAR+1
IF (LETTER(NCHAR).EQ.ICalMA) GO TO 130

120 LABY(I) = LantR(NCHAR)
C

C THEN THE Z -AXIS
C

130 DO 140 1=1 , 20
NCHAR = NCHAR+1

140 LAB Z ( I ) = LETTER(NCHAR)

C READ THE PLOT TITLE INTO LETTER
C

150 DO 160 1 =1,80
160 LETTER (I) = IB LANK



?RINT*,"ENTER PLOT TITLE, TO 80 CHARS"
READ (60,90) (LETTER(I),I=1,80)

C
C

READ THE PLOT OPTION

170 IOPT = -1
PRINT*,
1"ENIER HORIZONTAL,VERTICAL AXES-DEFAULT IS -Y,Z-"
READ (60,180) IRESP

180 FORMAT (A3)
IF (EOF(60).NE.0) IOPT = -IOPT
IF (IRESP.EQ.3HY,Z) IOPT = 1

IF (IRESP.EQ.3HY,X) IOPT = 2

IF (IRESP.EQ.3HX,Y) IOPT = 3

IF (IRESP.EQ.3HX,Z) IOPT = 4

IF (IRESP.EQ.3HZ,X) IOPT = 5

IF (IRESP.EQ.3HZ,Y) IOPT = 6

IF (IOPT.LE.0) GO TO 170
CALL AXIS (IOPT,N)

C
C CHECK IF AXES WILL BE SPECIFIED
C

PRINT*,"SPECIFY AXES?(1=YES)"
READ (60,*) IRESP

C
C IF AXES NOT SPECIFIED, FIND THE RANGE OF THE DATA
C

IF (IRESP.GE.1) GO TO 690
XMIN = XMAX = X(1)

ZMIN = ZMAX = Z(1)
YMIN = YMAX = Y(1)
DO 190 I=2,N

)MIN = AMIN1(XMIN,X(I))
XMAX = AMAX1(XMAX,X(I))
YMIN = AMIN1(YMIN,Y(I))
YMAX = AMAX1(YMAX,Y(I))
ZMIN = AMIN1(ZMIN,Z(I))
ZMAX = AMAX1(ZMAX,Z(I))

190 CONTINUE
GO TO 200

C

C IF AXES ARE TO BE SPECIFIED, READ IN NADI, XMAX, YNIN,YMAX,
C ZMIN, AND ZMAX
C

690 PRINT*,
1"ENTER DIAGONAL MIN AND MAX,HORIZ. MIN AND MAX, AND VERT.
2M IN AND MAX"

READ (60,*) XMIN,XMAX,YMIN,YMAX,ZMIN,ZMAX
200 CONTINUE

C
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C GET THE X, Y, AND Z SCALE VALUES
C

XSCALE = (XMAX-KAIN)/29.
YSCALE = (YMAX-YMIN)/89.
ZSCALE = (ZMAX-ZMIN)/39.

C
C ELIMINATE ANY POINTS OUT OF RANGE
C

NN = IOMIT = 0
DO 210 I=1,N

IF (X(I).LT.XMIN.CR.X(I).GT.XMAX) GO TO 210
IF (Y(I).LT.YMIN.OR.Y(I).GT.YMAX) GO TO 210
IF (Z(I).LT.ZMIN.CR.Z(I).GT.ZMAX) GO TO 210
NN = NN+1
X(NN) = X(I)
Y(NN) = Y(I)
Z(NN) = Z(I)

KLASS(NN) = KLASS(I)
GO TO 210
IOMIT = IOMIT+1

210 CONTINUE
IF(IOMIT.GT.0)PRINT*,I0MIT,20H POINTS OUT OF RANGE
N = NN

C
C CONVERT ALL THE VALUES TO DEVIATIONS FROM THE MINIMU'4
C

CO 220 I=1,N
X(I) = X(I) -XMIN
Y(I) = Y(I) -YMIN
Z(I) = Z(I)-ZMIN

220 CONTINUE
C
C SET UP THE AXES AND BLANK THE PLOT ARRAY
C

ISPACE = 30
DO 270 1=1,39

DO 270 J=1,120
IF (J- ISPACE) 230,240,250

230 ICHAR(I,J) = IBLANK
GO TO 270

240 ICHAR(I,J) = ISIASH
ISPACE = ISPACE -1
GO TO 270

250 IF (J-31) 230,260,230
260 ICHAR(I,J) = IVERT
270 CONTINUE

DO 280 J=1,30
280 ICHAR(40,J) = IBLANK

DO 290 J=31,120
290 ICHAR(40,J) = IDASH

180
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ICHAR(40,31) = IVERT
ISPACE = 30
DO 330 1=41,70

ISPACE1 = ISPACE+90
DO 330 J=1,120

IF (J.EQ.ISFACE) GO TO 300
IF (J.EQ.ISPACE1) GO TO 310
GO TO 320

300 ICHAR(I,J) = ISLASH
GO TO 330

310 ICHAR(I,J) = ISLASH
ISPACE = ISPACE-1
GO TO 330

320 ICHAR(I,J) = IBLANK
330 CONTINUE

C

C FIND ZZERO
C

IF (ZMIN.GE.O.O.OR.ZMAX.LE.0.0) GO TO 370

IRCW = 0
ZZERO = ZMAX

340 ZZERO = ZZERO- ZSCALE
IRON = IRG.I +1

IF (ZZERO.GT.0.) GO TO 340
DO 350 ICOL=32,120

350 ICHAR(IROW,ICOL) = IDASH
ICOL = 31

360 IRON = IRCd+1
ICOL = ICOL-1
ICHAR(IROW,ICOL) = ISLASH
IF (ICOL.GT.1) GO TO 360

C
C FIND XZERO
C

370 IF (XMIN.GE.0.0.CR.XMAX.LE.0.0) GO TO 400
rRolow = 40

ISTART = 32
XZERO = XMIN

380 CONTINUE
XZERO = XZER0-1-XSCAIE

maa = IROW+1
ISTART = ISTART-1
IF (XZERO.LT.0.) GO TO 380
IFINISH = ISTART+90
IFNISH1 = IFINISH-1
ICHAR(IROW,IFNISH1) = ISLASH
IFINISH = IFINISH-2
DO 390 ICOL=ISTART,IFINISH

390 ICHAR(IROW,ICOL) = IDASH
C
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C FIND YZERO
C

400 IF (YMIN.GE.0.0.0R.YMAX.LE.0.0) GO TO 430
ICOL = 30
YZERO = YMIN

410 ICOL = ICOL+1
YZERO = YZERO+YSCALE
IF (YZERO.LX.0.) GO TO 410
DO 420 IRO4=41,70

ICOL = ICOL-1
420 ICHAR(IROW,ICOL) = ISLASH
430 CONTINUE

C
C ASSIGN EACH OF THE POINTS A SPACE IN THE PLOT ARRAY
C ..FIRST, PLACE THE POINT IN THE X -Y PLANE, THEN FIND THE Z POSITIO
C

IF (ISURF.GE.1) GO TO 510
DO 500 I=1,N

XPLACE = X(I)/XSCALE
IR041 = XPLACE+40.
ICOL = (Y(I)/YSCALE)-XPLACE+30.
ICHAR(IROW1,ICOL) = ICROSS
IR042 = IROW1 -(Z(I)/ZSCALE)
KOUNT = KLASS(I)

C
C CHECK IF THE PLACE IN THE PLOT ARRAY IS ALREADY OCCUPIED BY
C ANOTHER POINT OF THE SAME GROUP (PUT A + THERE), OR BY A POINT
C OF ANOTHER GROUP (PUT A * THERE)
C

CO 440 J=1,K

IF (ICHAR(IRCW2,ICOL).EQ.IS/MBOL(J)) GO TO 450
440 CONTINUE

IF (ICHAR(IR042,ICOL).EQ.IPLUS.OR.ICHAR(IR042,ICOL).EQ.ISTAR)
1 GO TO 470

ICHAR(IRO42,ICOL) = ISYMBOL(KOUNT)
GO TO 470

450 IF (ICHAR(IRCW2,ICOL).EQ.ISYMBOL(KOUNT)) GO TO 460
ICHAR(IR042,ICOL) = ISTAR
GO TO 470

460 ICHAR(IROW2, ICOL) = IPLUS
C
C WE MOVE CG1N ONE ROW IN THE PLOT ARRAY, AND PLACE A . IN THE SPA
C DEPENDING ON WHAT IS ALREADY THERE-THIS GENERATES A LINE OF DOTS
C FOR EACH OBSERVATION FROM ITS POSITION IN THE X -Y PLANE TO ITS
C POSITION IN THREE-D SPACE
C THIS IS OMITTED IF ISURF IS GE 1
C

470 IRCW2 = IRCW2+1
IF (IROW2.GE.IROW1) GO TO 500
IF (ICHAR(IR042,ICOL).EQ.ISTAR.CR.ICHAR(IRCW2,ICOL).EQ.IPLUS.0
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1 . ICHAR (IROn12, ICOL) . EQ. ICROSS) GO TO 490

DO 480 J=1 ,K
IF ( ICHAR (IRCW2, ICOL) . EQ. 'SYMBOL (J) ) GO TO 490

480 CONTINUE
ICHAR (IRCW2, ICOL) = IDOT

490 GO TO 470
500 CONTINUE

GO TO 530
510 DO 520 I=1,N

)(PLACE = X (I ) /XSCALE

IRC11 = XPLACE+40.
ICOL = (Y (I) /YSCALE)XPLACE+30.
IRCW2 = (Z (I) /ZSCALE)

520 ICHAR(IRCW2, ICOL) = ISTAR
530 CONTINUE

WRITE (49, 540)

540 FORMAT (1HT)
C
C FIND THE X, Y, AND Z SCALE VALUES FOR LABELING
C

CALL SCALE (XM IN , )(MAX, YM IN , YMAX, ZMIN , ZMAX, XVALUE , YVALUE , ZVALUE )

C
C BLANK THE ICHAR1 ARRAY, WHICH APPEARS TO THE RIGHT OF THE DISPL
C

DO 550 1 =1,70

DO 550 J =1,11
550 ICIAR1 (I ,J) = IBLANK

C
C ENCODE AND DECODE THE ZVALUE AND )(VALUE LABELS INTO ICHAR

DO 570 I =2,9

ENCODE (9, 560, IVAL)

560 FORMAT (1PE9. 2)
DECODE (9, 590 , IVAL)

570 CONTINUE
CO 580 I =1,7

ENCODE (9, 560, IVAL)

DECODE (9, 590, IVAL)

580 CONTINUE
590 FORMAT (9A1)

ZVALUE (I )

(ICHAR1 (INDEX (I-1) ,J) ,J =1, 9)

XVALUE (I )

(ICHAR1 (INDEX (1+8 ) ,J) ,J=1 9)

C
C FILL IN THE Z AXIS TITLE CHARACTERS WHICH WILL BE WRITTEN DOWN
C RIGHT HAND MARGIN
C

CO 600 I =11,30
600 IC (1,11) = LABZ(I-10)

C
C FILL IN THE X AXIS LABEL REVERSING THE LETTERS AS WE CO SO

DO 610 1=46,65
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610 ICHAR1(I,11) = LABX(66-I)
C
C AND NOW WE CAN PRINT THE IChAR AND ICHARI ARRAYS, USING VARIABLE
C FORMAT SPECIFICATION (=)
C

WRITE (49,620) (LE'I11 R(I),I=1,80),ZVALUE(1)

620 FORMAT (1H1//35X,80A1/1H0,34X,1H1,89(1H-),1H1,1P,E9.2)
WRITE (49,630) HICHAR(I,J),J=1,120),(ICHAR1(I,K),K=1,11),I=1,30)

630 FORMAT (5X,120A1,1HI,11A1)
WRITE (49,640) ((ICHAR(I,J),J=1,120),(ICHAR1(I,K),K=1,11),I=31,40)

640 FORMAT (4X,1HI,120A1,1HI,11A1)
JJ = 121
DO 650 1=41,70

JJ = JJ-1
650 WRITE (49,660) JJ,(ICHAR(I,J),J=1,JJ),(ICHAR1(I,K),K=1,11)
660 FORMAT (4X,1HI,=A1,11A1)

WRITE (49,670) (YVALUE(I),I=1,10),(LABY(I),I=1,20)
670 FORMAT (4X,9(10H*---------),1H*//1X,1P,10E10.2//40X,20A1)

C
C CHECK TO SEE IF THERE IS MORE TO BE PLOTTED
C

FR INT* , " DONE? (1 =YES ) "

READ (60,*) IRESP
IF (IRESP.EQ.1) STOP

C
C IF THERE IS MORE TO BE DONE, ZERO THE ARRAYS
C

C

C

CO 680 1=1,200
KLASS(I) = 0

680 X(I) = Y(I) = Z(I) = 0.
GO TO 1
END

SUBROUTINE AXIS (IOPr,N)
C
C INTERCHANGES AXES ACCORDING TO IOPT
C

CCMMON X(1000) ,Y(1000) ,Z(1000)
COMMON LABX(20),LABY(20),LABZ(20)
GO TO (10,20,30,40,50,60), IOPT

10 RETURN
C

C IOPT=2 -INTERCHANGE X AND Z
C

20 CALL SWITCH (K,Z,LABX,LABZ,N)
RETURN

C
C IoPr=3 -INTERCHANGE X WITH Z, THEN Y WITH Z
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C

30 CALL SWITCH (X,Z,LABX,LABZ,N)
CALL SWITCH (Y,Z,LABY,LABZ,N)
RETURN

C
C IOFT=4 -INTERCHANGE X WITH Y
C

40 CALL SWITCH (X,Y,LABX,LABY,N)
RETURN

C
C IOFT=5-INTERCHANGE X WITH Z THEN Y WITH X
C

50 CALL SWITCH (Y,X,LABY,LABX,N)
CALL SWITCH (X,Z,LABX,LABZ,N)
RETURN

C
C IOPT=6-INTERCHANGE Y AND Z
C

C

60 CALL SWITCH (Y,Z,LABY,LABZ,N)
RETURN
END

SUBROUTINE SWITCH (A,B,IA,IB,N)
C
C DOES THE ACTUAL SWITCHING OF ARRAYS
C

C
C

DIMENSION A(1000), B(1000), IA(20), IB(20)

DO 10 I=1,N
TEMP = A(I)
A(I) = B(I)

10 B(I) = TEMP
DO 20 1=1,20

ITEMP = IA(I)
IA(I) =

20 IBM = ITEMP
RETURN
END

SUBROUTINE SCALE (XAIN,XMAX,AIN,YMAX,LAIN,ZMAX,XVALUE,YVALUE,
1ZVALUE)

C
C DETERMINES THE X, Y, AND Z LABELLING SCALES
C

DIMENSION XVALUE(7), YVALUE(10), ZVALUE(9)
XINTER = (XMAX-XMIN)/6.
YINTER = (YMAX -YMIN) /9.
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Z INTER = ( ZMAX-ZM Thl) /8 .
XVALUE (1) = XMIN
DO 10 1=2,6

10 XVALUE (I) = )(VALUE (I -1 )+XINTER
XVALUE (7) = )(MAX
YVALUE (1) = YMIN
CO 20 1=2,9

20 YVALUE (I) = YVALUE (I-1 ) +YINTER
YVALUE (10) = YMAX
ZVALUE (1) = ZMAX
DO 30 1=2,8

30 ZVALUE (I) = ZVALUE (I-1)-Z INTER
ZVALUE (9) = ZMIN
RETURN
END
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PROGRAM TRIDEE2 (INPUT,OUTPUT,TAPE60=INPUr,TAPE61=OUTPUT,TAPE1,
1TAPE2,TAPE3,TAPE4,TAPE5,TAPE6,TAPE7,TAPE8,TAPE9,TAPE10)

C FORTRAN PROGRAM FOR CCMPLOT VERSION OF TRIDEE

C TAPE 60 IS TTY (ACTUALLY TEKTERMINAL) INPUT
C TAPE 61 IS SAME OUTPUT
C TAPE 10 IS PLOT OUTPUT BY DEFAULT

C TAPES 1 TO 9 ARE DATA FILES
C USES NAMELIST *PLOT* TO CHANGE DEFAULT SCALING AND VIEW
C FACTORS - NOT AS AUTOMATIC AS THE LINE PRINTER VERSION

C DOES NOT TITLE OR INTERCHANGE THE AXES

C
DIMENSION XI(11), YI(11), Z1(11)

DIMENSION XX(2) , YY(2), ZZ(2)

CCMMON/DATAl/N,X(1000),Y(1000),Z(1000),KLASS(1000),
*ISYMBOL(40),NAAX,MIN,XRANGE,YMAX,YMLN,YRANGE,ZMAX,ZMIN,
* ZRANGE

DATA ISYMBOL/lHA,1HB,IHC,1HD,1HE,1HF,1HG,1HH,1HI,1HJ,1HK,1HL,1HM,
1 1HN, 1HO, 1HP, 1HQ, 1HR, 1HS, 1HT, 1HU ,1HV,1HW,1HX,1HY,1HZ,1H1,1H2,

21H3,1H4,1H5,1H6,1H7,1H8,1H9,1H+,1H-,1H*,1H<,1H=/
DATA ANIETH,YWIETH,XSCALE,YSCALE,ZSCAIE,XORG,YORG,ZORG,
* DX,DY,DZ,CSIZE,MODEL,ITYPE,PERSPEC/
*

NAMELIST /PLOT/ XWIETH,YWIDTH,XSCALE,YSCALE,ZSCALE,XORG,YORG,ZORG,
1DX,CY,CO,CSIZE,MODEL,ITYPE,PERSPEC
1 PRINT*," ENTER NAMELIST $PLOT....S"
READ (60,PLOT)
IF(EOF(60).NE.0)PRINT *,28H DEFAULT VALUES WILL BE USED
PRINT*," ENTER DATA FILE (1 TO 9, CR 60 IF TTY) :"

READ (60,*) IDATA
IF(IDATA.EQ.60)PRMIT*,

146H ENTER X,Y,Z, AND GROUP - END WITH BLANK LINE:

N = 0
10 N = N +1

READ (IDATA,*) X(N),Y(N),Z(N),CLASS
IF (E0F(IDATA).NE.0) GO TO 20
KLASS(N) = CLASS
IF (KLASS(N).Gr.40) KLASS(N) = MOD(KLASS(N),40)

GO TO 10
20 IF (N.cr.1) GO TO 30

PRINT*," NO POINTS - CHECK DATA FILE"
STOP

30 N = N-1
PRINT *," SPECIFY AXES?(1=YES, 010) "
READ (60,*) IRESP
IF (IRESP.GE.1) GO TO 45

XMIN = XMAX = X(I)

YMIN = YMAX = Y(1)
ZMIN = ZMAX = Z(1)

DO 40 I=2,N
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XMIN = AMIN1(XMLN,X(I))
XMAX = AMAX1(XMAX,X(I))
YMIN = AMIN1(YMIN,Y(I))
YMAX = AMAX1(YMAX,Y(I))
ZMIN = AMIN1(ZMLN,Z(I))
ZMAX = AMAX1(ZMAX,Z(I))

40 CONTINUE
GO TO 50

45 PRINT*,
1" ENTER HORIZ MIN, MAX, VERT MIN, MAX, AND DIAG MIN, MAX:"
READ (60,*) XMIN,XMAX,YMLN,YMAX,ZMIN,ZMAX

50 XRANGE = KMAX -XMIN
RANGE = YMAX-YMIN
ZRANGE = ZMAX-ZMIN
NN = ICMIT = 0
DO 70 I=1,N

IF (X(I).LT.XMIN.CR.X(I).Gr.XMAX) GO TO 60
IF (Y(I).LT.YMIN.OR.Y(I).GT.YMAX) GO TO 60
IF (Z(I).LT.ZMIN.OR.Z(I).GT.ZMAX) GO TO 60
NN = NN+1
X(NN) = X(I)
Y(NN) = Y(I)
Z(NN) = Z(I)

KLASS(NN) = KLASS(I)
GO TO 70

60 ICMIT = IOMIT+1
70 CONTINUE

LF(IOMIT.GT.0)PRINT*,ICMrr,20H POINTS OUT OF RANGE
N = NN
PRINT*," BOX PLOT?(1= YES)"
READ(60,*) IRESP
IF(IRESP.LE.0)G0 TO 75
CALL BOXPLOT(MODEL,ITYPE,CSIZE)
PRINT*," MORE7(1=YES)"
READ(60,*)IRESP
IF(IRESP.GE.1)G0 TO 1
STOP

75 WRITE (61,80) XMIN,XMAX
80 FORMAT (13HHORIZ. RANGE:,G10.3,4H TO ,G10.3,20H ENTER TIC INTERVA

1L:)
READ (60,*) XINTER
IF (EOF(60).NE.0) XINTER = XRANGE
WRITE (61,90) YIALN,YMAX

90 FORMAT (13H VERT. RANGE:,G10.3,4H TO ,G10.3,20H ENTER TIC INTERVA
1L :)

READ (60,*) YINTER
IF (E0F(60).NE.0) YINTER = YRANGE
WRITE (61,100) ZMIN,ZMAX

100 FORMAT (13H DIAG. RANGE:,G10.3,4H TO ,G10.3,20H ENTER TIC INTERVA
1



READ (60,*) zarrER
IF (EOF(60).NE.0) ZINTER = ZRANGE

C
C SET UP TERMINAL AND PLOTTING PARAMETERS
C

CALL TKTYPE (MODEL)
CALL PLOTYPE (ITYPE)
CALL SIZE (XWIETH,YWIETH)
CALL ORIGIN (5.,5.)
CALL SCALE3 (XSCALE,YSCALE,ZSCALE)
CALL VIEW3 (XORG,YORG,ZCRG,DX,DY,CC,1000.)
CALL VECTORS
CALL ERASE

C
C DRAW THE BOX
C

C

C

X1(1) = XMAX
X1(2) = XMIN
X1(3) = XMIN
X1(4) = XMAX
X1(5) = MAX
X1(6) = XMAX
X1(7) = XMIN
X1(8) = MIN
X1(9) = XM IN
X1(10) = XMIN
X1(11) = XMIN

Y1(1) = YMIN
Y1(2) = YMIN
Y1(3) = YMAX
Y1(4) = YMAX
Y1(5) = YMIN
Y1(6) = YMIN
Y1(7) = YMIN
Y1(8) = YMAX
Y1(9) = YMAX
Y1(10) = YMIN
Y1(11) = YMIN

Z1(1) = ZMIN
Z1(2) = ZMIN
Z1(3) = ZMIN
Z1(4) = ZMIN
Z1(5) = ZMIN
Z1(6) = ZMAX
Z1(7) = ZMAX
Z1(8) = ZMAX
Z1(9) = ZMIN
Z1(10) = ZMIN
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190

Z1(11) = ZMAX
C
C WHOLE BOX IS IN ONE SET OF ARRAYS

C
CALL LINE3 (X1,Y1,Z1,0,11)
XRANGE = XMAX -XM IN

YRANGE = YMAX-YMIN
XMOVE=-0.5*CSIZE*XSCALE
YMOVE=0.5*CSIZE*YSCALE

C
C SET UP A SECOND POINT FOR EACH DATA POINT BEFORE PLOTTING

C TO MAKE THE NEEDLE CONNECTING A GIVEN POINT WITH THE FLOOR

C OF THE PLOT - USES LINE3 TO DRAW THE NEEDLES
C

CO 110 I=1,N
XX(2) = X(I)
XX(1) = X(I)
YY(2) = Y(I)
YY(1) = YMIN
ZZ(2) = Z(I)
ZZ(1) = Z(I)
INDEX = KLASS(I)
CALL LINE3 (XX,YY,ZZ,0,2)

C
C

C

XMOVE AND YMOVE ARE TO CENTER THE LETTER OVER THE NEEDLE

YYY = YY(2)+YMOVE
XXX = XX(2)+XMOVE
CALL PLOTS (XXX,YYY,ZZ(2),0,0)
CALL SYMBOL ( CCK,YYY,O.,CSIZE,1,ISYABOL(INDEX))

110 CONTINUE
IXZERO = IYZERO = IZZERO = 1
IF (XMIN.GE.0..CR.XMAX.LE.0.) IXZERO = 0
IF (IMIN.GE.0..CR.YMAX.LE.0.) IYZERO = 0
IF (ZMIN.GE.0..CR.ZMAX.LE.0.) IZZERO = 0

C
C X,Y,AND Z ZERO LINES
C

CALL VECTORS
IF (IXZERO.LE.0) GO TO 120
XX(1) = XX (2) = 0.
ZZ(1) = ZMIN
ZZ(2) = ZMAX
YY(1) = YY(2) = YMIN
CALL LINE3 (XX,YY,ZZ,0,2)

120 IF (IZZERO.LE.0) GO TO 130
XX(1) = XMIN
XX(2) = MAX
YY(1) = YY(2) = YIN
ZZ(1) = ZZ(2) = 0.



CALL LINE3 (XX,YY,ZZ,0,2)
130 IF (IYZERO.LE.0) GO TO 140

XX(1) = XMAX
XX(2) = XMIN
YY(1) = YY(2) = 0.
ZZ(1) = ZZ(2) = ZMIN
CALL LINE3 (XX,YY,ZZ,0,2)
XX(1) = XX(2) = )(MIN
YY(1) = YY(2) = 0.
ZZ(1) = ZMIN
ZZ(2) = ZMAX
CALL LINE3 (XX,YY,ZZ,0,2)

140 CONTINUE
C
C TIC MARKS AND AXIS LABELS ARE DONE BY SUBROUTINE TIC

C
CALL POINTS
IF (XINTER.GE.XRANGE) GO TO 150

CALL TIC (YMIN,ZMAX,IXZERO,XINTER,XMIN,XMAX,1,CSIZE)
150 IF (ZINTER.GE.ZRANGE) GO TO 160

CALL TIC (XMAX,YMIN,IZZERO,ZINTER,ZMIN,ZMAX,2,CSIZE)
160 IF (YINTER.GE.YRANGE) GO TO 170

CALL TIC (XMAX,ZMIN,IYZERO,YINTER,YMIN,YMAX,3,CSIZE)
170 CONTINUE

CALL PLOTEND
CALL ALPHAS
PRINT*," MORE(1=YES)"
READ (60,*) IRESP
IF (IRESP.LE.0) STOP

C
C IF MORE, ZERO THE ARRAYS
C

DO 180 1=1,200
X(I) = Y(I) = Z(I) = 0.

180 KLASS(I) = 0
GO TO 1
END

C

191

SUBROUTINE TIC (CONST1,CONST2,IZERO,AINTER,AMIN,AMAX,IFLAG,CSIZE)

C
C COMPUTES AND PLOTS TIC MARKS AND LABELS AXES WITH THE SCALES

C ACCORDING TO THE AXIS - AINTER IS THE LABELLING INTERVAL

C FOR THE CURRENT CALL - IZERO TELLS IF ZERO IS WITHIN THE

C RANGE OF THE CURRENT AXIS CONST1 AND CONST2 ARE CONSTANTS

C (I E. MIN OR MAX AXIS VALUES) THAT PLACE THE LABELLING TO THE

C RIGHT OR AT THE BOTTOM OF THE PLOT

DATA ISTRING/10H
IF (IZERO.LE.0) GO TO 120



C

A = -AINTER
10 A = A+AINTER

IF (A.GT.AMAX) GO TO 70

GO TO (20,30,60), IFLAG
C

20 CALL PLOT3 (A,CONST1,CONST2,0,8)
CALL MARK (8)
ENCODE (9,40,TEMP) A
DECODE (9,50,TEMP) ISTRING
CALL SYMBOL (A,CONST1,-90.,CSIZE,9,ISTRING)
GO TO 10

C
30 CALL PLOT3 (CONST1,CONST2,A,0,6)

CALL MARK (6)
ENCODE (9,40,TEAP) A

40 FORMAT (1PG9.2)
DECODE (9,50,TEMP) ISTRING

50 FORMAT (A9)
CALL SYMBOL (CONST1,CONST2,0.,CSIZE,9,ISTRING)
GO TO 10

C

60 CALL PLOT3 (CONSTI,A,CONST2,0,6)
CALL MARK (6)
ENCODE (9,40,TEAP) A
DECODE (9,50,TEMP) ISTRING
CALL SYMBOL (CONST1,A,O.,CSIZE,9,ISTRING)
GO TO 10

C

70 A = AINTER
80 A = A-AINTER

IF (A.LT.AMIN) RETURN
C

GO TO (90,100,110), IFLAG
C

90 CALL PLOT3 (A,CONST1,CONST2,0,8)
CALL MARK (8)
ENCODE (9,40,TEMP) A
DECODE (9,50,TEMP) ISTRING
CALL SYMBOL (A,CONST1,-90.,CSIZE,9,ISTRING)
GO TO 80

C

100 CALL PLOT3 (CONST1,CONST2,A,0,6)
CALL MARK (6)
ENCODE (9,40,TEMP) A
DECODE (9,50,TEMP) ISTRING
CALL SYMBOL (CONST1,CONST2,0.,CSIZE,9,ISTRING)
GO TO 80

C
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110 CALL PLOT3 (CONST1,A,CONST2,0,6)
CALL MARK (6)
ENCODE (9,40,TEMP) A
DECODE (9,50,TEMP) ISTRING
CALL SYMBOL (CONST1,A,0.,CSIZE,9,ISTRING)
GO TO 80

C
120 A = AMIN
130 A = A+AINTER

IF (A.GT.AMAX) RETURN
C

GO TO (140,150,160), IFLAG
C

140 CALL PLOT3 (A,CONST1,CONST2,0,8)
CALL MARK (8)
ENCODE (9,40,TEMP) A
DECODE (9,50,TEIAP) ISTRING
CALL SYMBOL (A,CONST1,-90.,CSIZE,9,ISTRING)
GO TO 130

C

150 CALL PLOT3 (CONST1,CONST2,A,0,6)
CALL MARK (6)
ENCODE (9,40,TEAP) A
DECODE (9,50,TEMP) ISTRING
CALL SYMBOL (CONST1,CONST2,0.,CSIZE,9,ISTRING)
GO TO 130

C

160 CALL PLOT3 (CONST1,A,CONST2,0,6)
CALL MARK (6)
ENCODE (9,40,TEMP) A
DECODE (9,50,TEMP) ISTRING
CALL SYMBOL (CONST1,A,O.,CSIZE,9,ISTRING)
GO TO 130

C
END

C
C
C
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SUBROUTINE BOXPLOT(MODEL,ITYPE,CSIZE)
C
C STEREO BOX PLOTS
C L1,L2 ARE X,Y COORES OF LEFT EYE (INCHES)
C R1,R2 ARE X,Y CCORCS OF RIGHT EYE
C H IS DISTANCE FROM BOX (DETERMINES PERSPECTIVE)
C RXMOVE IS THE SEPARATION BETWEEN THE BOXES (INCHES)
C CHANGING XALN TO ZMAX WILL CHANGE BOX SIZE RELATIVE
C TO POINTS
C *********NOTE: THIS PROGRAM CHANGES THE DATA IN CORE, UNLIKE

C THE UPPER SEGMENT
C



COMMON/DATAl/N , X (1000) ,Y (1000 )
* I SYMBOL (40) ,XMAX, XMLNI,XRANGE,
* ZMUNI, ZRANGE

REAL M1 (1000) ,M2 (1000) ,N1 (1000
REAL L1, L2
DIMENSION INDEX1 (16) , INDEX2 (16
DATA INDEX1/1,2,3,4,1,5,6,7,8,
DATA INDEX2/0,1,1,1,1,1,1,1,1,
XFACT=XRANGE/5. $YFACT=YRANGE/5
CALL T KT YPE (MODEL)
CALL PLOTYPE (ITYPE)
CALL ERASE
CALL SIZE (20. ,12.)
CALL ORIGIN (-2. , -2. )
CALL SCALE (1. , 1 . , 1. , 1. , -1 . , -1 . )
CALL VECTORS
A3=4.5

,Z (1000 ) ,KLASS (1000) ,
YM IN , YRANGE, ZMAX,

,N2(1000) ,R(8) ,S(8) ,T(8)

) ,P1 (8 ) ,P2(8 ) ,Q1 (3 ) ,Q2 (8)
5,6,2,3,7,8,4/
1,0,1,0,1,0,1/

C

C SCALE THE LATA ON 0, 4.5
C

DO 290 I=1 , N
X (I )= (X (I ) ) ARANGE*A
Y ( I )= (Y (1 ) -YMIN ) /YRANGE*8
Z ( I )= (Z ( I ) -ZMIN)/ZRANGE*C

290 CONTINUE
C

C DE FAUL'r VIEWING POINTS
C

L1=1.6
L2=2.
R1=2.7
R 2 =2.
H=18.
RXMOVE=9.5
PRINT *," Ll, L2, R1, R2, H, RXMOVE:"
READ(60 ,*) L 1, L2, R1, R2, H, RXMOVE
IF (EOF (60) . NE. 0 ) PR INT* ," DEFAULT VALUES USED"

C

C COMPUTE PRQJECTIONS OF THE DATA POINTS
C M1 ,M2 ARE LEFT HAND X,Y POINTS
C N1, N2 ARE RIGHT HAND X,Y POINTS
C

CO 310 I=1,N
DELTAi-Y (I )
COEF141*X (I )
COEF24i*Y (I )
M1 (I )= (COEF1-L1 *Z( I )
M2 (I) = (COEF2-L2*Z(I)
N1 (I )= (COEF1-R1*Z(I)
N2 (I )= (COEF2-R2*Z (I )

) /DELTA
) /DELTA
) /DE LTA+RXMOVE

) /DELTA
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310 CONTINUE
CO 330 1=1,8
R (I)=S (I)=T (I)=0.

330 CONTINUE
C
C BOX DIMENSIONS ARE 5 BY 5, ON A 20 BY 12 PLOT AREA
C

R (5 )=R (6)=R (7 )=R (8)=5.
S(1)=S (2)=S (5)=S (6)=5.
T(2)=T (3)=T (6)=T (7 )=5.

C

C CCMPUTE THE PROJECTIONS OF THE BOXES
C P1, P2 ARE LEFT X, Y VALUES
C Q1, Q2 ARE RIGHT X, Y VALUES
C

DO 340 I =1,8
DE LTA*i-R (I )
COEFli*S (I )
COEF21*T (I )
P1 (I )= (COEF1-L1 *R (I ) ) /DELTA
P2 (I )= (COEF2-L2*R (I ) ) /DELTA
Q1 (I )= (COEF1-R1*R (I ) ) /DELTA+RXIOVE
Q2 (I )= (COEF2-R2*R (I ) ) /DELTA

340 CONTINUE
C
C LEFT-HAND BOX

CO 350 I =1,16
CALL PLOT (P1 (INDEX1 (I) ) ,P2 (INDEX1 (I) ) , INDEX2 (I) ,0.)

350 CONTINUE
CALL POINTS

C
C LEFT-HAND POINTS
C

DO 360 I=1,N
CALL SYMBOL (M1 (I ) ,M2 (I ) ,O. , CSIZE, 1, ISYMBOL (KLASS (I ) ) )

360 CONTINUE
CALL VECTORS

C
C RIGHT-HAND BOX
C

IX) 370 1 =1,16
CALL PLOT (Q1 (INDEX1 (I) ) ,Q2 (INDEX' (I ) ) , INDEX2 (I) ,O. )

370 CONTINUE
CALL POINTS

C

C RIGHT-HAND POINTS
C

CO 380 I =1, N
CALL SYMBOL (N1 (I ) ,N2 (I ) , O. , CSIZE, 1, ISYMBOL (KLASS (I ) ) )



196

380 CONTINUE
CALL PLOTEND
RETURN
END
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