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Current ly the best method of quant i tat ively predicting biological act iv i ty  is 
by regression analysis. Regression analysis assumes that biological act iv i ty  
is a function of physiochemical properties and chemical structure. 
Therefore, biological act ivi t ies including toxic i ty  are typical ly modeled by 
equations of the general form: 

log C -1 (BR) = f (SC1, SC2,...,SC n) 

where log C -1 (BR), the log of the inverse of the concentrations (C) in 
moles/ l i ter to cause a given biological response (BR), is the dependent 
variable and is predicted by means of multiple linear regression analysis 
with a variety of substituent constants (SC:) used as independent variables. 
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This relationship (i.e. equation l )  is typical ly tested umng the fol lowing 
stat ist ical  model: 

log C-I(BR) = B 0 + B 1 SC 1 + B 2 SC 2 +...+ B n SC n + E 

where the null hypothesis states that 

B 1 B 2 = 0. = = . . . - -  B n 

This methodology enables one to predict the BR of a new derivative using its 
SC in conjunction with the estimates of the B .  Also, it can aid in the 
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ident i f icat ion of SC i that do not make a signif icant contribution to the 
overall model sums of squares. Recently we have used this method to 
quanti tate the biological act iv i ty  of a series of one-position naphthalene 
derivatives (Schultz et at. 2985). 

There is, however, a problem associated with this methodology. The 
problem arises from the fact that SC. are often intercorrelated (i.e. 
nonorthogonal). Since the SC. are not o~thogonal, the order in which they 
enter the regression model ]is cr i t ical ly  important. I f  the variance 
accounted for by variable 1 nearly encompasses that of variable 2, the 
model would suggest that variable 2 was not of any great importance. 
However i f  variable 2 was considered f irst, the model would provide the 
same conclusion as above, for variable 1. This problem becomes 
increasingly complex with the addition of independent variables. 

] 



An al ternat ive  to this s ta t is t ical  quagmire is Principal Components Analysis 
(PCA). In PCA, the original variables are redefined by new variables (i.e. 
the principal components) which are linear combinations of the original 
variables. The advantages of PCA are two-fold. Firstly, the new variables 
defined by PCA are orthogonal (i.e. not interrelated) .  Thus they can be 
entered into a multiple regression model in any order without altering their  
sequential  sums of squares contributions.  This makes in terpre ta t ion much 
simpler. 

Secondly, PCA has the potential to reduce the number of variables. I f  the 
original variables are at all correlated, PCA wi l l  identi fy groups of these 
variables that are especially correlated with one another. For example, the 
f ive original variables may in fact represent two uncorrelated groups or PC. 
These two PC may account for a large proportion (e.g. > 80%) of the total 
variance of the original variables. 

Therefore ,  s ta t is t ical  inference such as a quant i ta t ive  s t ruc tu re -ac t iv i ty  
relationship (QSAR) based on PCA not only provides a model with orthogonal 
independent variables, but also one that  may have fewer independent 
variables while still identifying which independent variables account  f o r  
variation in some dependent variable. It is the purpose of this investigation 
to examine the interrelat ionship between seven substi tuent  constants  using 
PCA, and to a t t empt  to predict  toxici ty of a series of napthalene 
derivat ives with the resulting PC. 

MATERIALS AND METHODS 

The biological act ivi ty  data used in these investigations were obtained from 
Schultz e t  al. (1983). The biological descriptor,  logari thm of the biological 
response (log BR), is defined as the reciprocal  of the IQC~n value where the 
IGCsn is the concent ra t ion  (mmol/L) required to inhib'i~ the growth of 
Tetralhymena pyriformis_ strain GL-C in axenic culture, by. 50%. The I G C . .  
values were determined from a concent ra t lon/probl t  percent  contr~L~ 
absorbance regression analysis as described by Schultz (1983). The 18 
napththalene derivatives assayed were selected based on: (1) commerc ia l  
availabi l i ty; (2) cluster group distribution (Hansch and Leo 1979); and (3) 
avai labi l i ty of SC. 

Seven SC were se lected as initial variables. These include: (1) the 
hydrophobic parameter ,  PI (Fujita et  al. 1964); (2) the cor rec ted  molar 
volume te rm of molar re f rac t iv i ty ,  MR (Hansch et  at. 1973); (3) the polar 
e lec t ronic  parameter~ F (Swain and Lupton 1968); (4) the resonance 
e lec t ronic  parameter, R (Swain and Lupton 1968); the discrete  variables (5) 
the ability to accept  hydrogen, Ha and (6) to donate hydrogen, Hd; and (7) 
the single bond f ragment  molecular connect ivi ty  index, " X ' s u  b (Kier 1980). 
These values were Obtained from Schultz et  al. (1983). 

Principal component analysis was used to define new orthogonal variables. 
These principal components were subsequently used to generate QSAR using 
the general linear models procedure. Each PC is an eigenvector of the 
correlation matrix of the original variables based on standardized 
measurements. Because the correlation matrix is symmetric, eigenvectors 
corresponding to unique eigenvalues are orthogonal (Harmon 1976). The 
eigenvalues of this matr ix are the variances accounted for by each PC. 



The original measurements are standardized so the total  variance is equal to 
the rank of the correlat ion matrix. Principal components with eigenvalues 
less than 1 are typical ly ignored since these do not account for even an 
average amount of the total  variance (e.g. Wiens and Rotenberry 1980). If 
the original correlat ion matr ix is of rank n, there wi l l  generally be m 
eigenvalues > 1 (where n > m). 

Correlat ion coeff ic ients between the original variables and the PC are 
calculated by the equation: 

a . .  v . ~  II II 

where a.. is the correlat ion between the jth variable and the ith PC, 
l) 

)'i = the eigenvalue of the ith PC, 

and 

vij = the j th element of the ith eigenvector. 

The matr ix of a.. terms is used for identifying clusters of variables. A 
cluster occurs w~en two or more of original variables have their highest 
correlation with a part icular component. 

Often interpretat ion of clusters of variables is enhanced by a rigid rotat ion 
of the a i. matrix. One such rotat ion is the varimax rotation. This involves 
rotat ing ~he axes so that the variances of the squared a.. terms with respect 

l 
to each PC are maximized. Details of the procedur~ may be found in 
Harmon (1976). Al l  analyses were computer assisted using Statist ical 
Analysis Systems software (SAS inst i tute fnc~ 1982). 

RESULTS AND DISCUSSION 

The eigenvalues, variances, and cumulative variances for the factors 
attained by PCA of the seven substituent constants are presented in Table 1. 

Table 1 Eigenvalues and Variances of Principal Components 
Based on Seven Parameters 

Component 1_ 2 2 /4 2 6 Z 

Eigenvalue 2.427 1.892 1.237 0.797 0.382 0.190 0.074 
Variance 0.347 0.270 0.177 0,114 0,055 0.027 0.011 
Cumulative 0.347 0.617 0.794 0.908 0,962 0.989 1.000 
Variance 

Notice that components 5 through 7 contr ibute l i t t le  to the cumulative 
variance. 



The component pattern (i.e. correlation coefficient of each parameter with 
each component) for the f irst four components is presented in Table 2. 

This analysis reveals that component 1 is a clustering of PI, MR, Hd and 
1..v . .  Component 2 is dominated by Ha white components ] and 4 are 

2% SUB dominated by F and R, respectively, in an effort  to enhance the 
interpretation of variable clusters a varimax rigid rotation procedure was 
employed. 

The seven p a r a m e t e r  ro ta ted  component  pa t t e rn  is presented in Table 3. 

Table 2 Seven Parameter Component Pattern 

Component 

P a r a m e t e r  1 2 3 4 

PI 0.698* -0.537 -0.121 -0.258 
MR 0.771" 0.490 -0.302 -0.002 
F 0.261 0.389 0.745* -0.423 
R 0.405 -0.012 0.578 0.697* 
Ha -0.140 0.951" 0.071 -0.i01 
Hd -0.733" 0.373 -0.271 0.172 
ixVsu b 0.739* 0.412 -0.404 0.165 

*parameter's major component 

Table 3 Seven Parameter Rotated Component Pattern 

Component 

Parameter i 2 5 4_ 

PI 0.200 0.919" 0.012 0.012 
MR 0.891" 0.195 0.093 0.061 
F 0.020 -0.003 0.975* 0.123 
R 0.081 0.018 0.115 0.982* 
Ha 0.272 0.451 0.318 -0.083 
Hd -0.159 -0.285 -0.138 -0.148 
ixVsu b 0.974* 0.037 -0.024 0.064 

*parameter's major component 



These results show component 1 is dominated almost equally by MR and 
l~xVsu b. Component 2 is dominated by PI. Component 3 is dominated by F 
Hl~ile component 4 is dominated by R. The variables Ha and Hd had their 
highest correlations with components 6 and 7 respectively. Recall for Table 
1 that components 6 and 7 account for < b,% of the total variance in this 
system. This suggests (but does not prove) that Ha and Hd might have l i t t le 
influence in predicting log BR. Moreover, PCA generally involves only 
continuous variables. For these two reasons, the PCA was repeated after 
deleting Ha and Hd. Analysis following the removal of the discrete 
variables Ha and Hd yielded the same general results. 

Table 4 lists the eigenvalue% variance% and cumulative variances for the 
factors attained by PCA of the five substituent constants. 

Table 4 Eigenvalues and Variance of Principal Components 
Based on Five Parameters 

Component 1 _2 3 6, 5 

Figenvalue 2.086 1.176 0.828 0.760 0.150 
Variance 0.417 0.235 0.166 0.152 0.030 
Cumulative 0.417 0.652 0.818 0.970 1.000 
Variance 

In this analysis component 5 contributes relatively l i t t le to the cumulative 
variance. The five parameter component pattern is listed in Table 5. 

Table 5 Five Parameter Component Pattern 

Component 

P a r a m e t e r  1 2 3 4 

PI 0.531 -0.178 0.813" 0.155 
MR 0.924* -0.132 -0.213 0.084 
F 0.235 0.781 ~ -0.012 0.571 
R 0.344 0.681" 0.150 -0.628 
IXVsu b 0.882* -0.229 -0.306 -0.088 

*parameter's major component 

Analysis based on four components shows component 1 to be a clustering of 
MR and 1..v . .  Component 2 is a clustering of F and R while the third 
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principal component is dominated by PL The five parameter rotated 
component pattern is given in Table 6. 



Table 6 Five Parameter  Rotated Component Pat tern 

Component 

Parameter  i 2 5 4 

PI 0.167 0.003 0.985* 0.037 
MR 0.917" 0.115 0.187 0.055 
F 0.040 0.992* 0.036 0.120 
I~ 0.080 0.121 0.036 0.989* 
IXVsu b 0.966* -0.052 0.096 0.077 

* parameter 's major component 

This ro tat ional  re f inement  separates R f rom F in component 2 by placing R 
in component 4. 

Regression analysis was conducted on factors derived f rom the var imax 
rotat ion.  These results are summarized in Table 7. The overal l  regression 
model is highly s igni f icant  (p < .0003). The re la t ive  contr ibut ions of the 
factors decreases monotonical ly .  Factors 4 and 5 do not cont r ibute  
s ign i f icant ly  to the model (see Table 7). The best regression model was 
thus: 

Log BR = 0.6183 + 0.1993 (Factor I) ~0.1867 (Factor 2) + 0.1556 
(Factor 3) r = 0.826 

This model suggests that  R has l i t t l e  inf luence in predict ing ac t iv i ty .  

Table 7 Summary of Regression Model and Rela t ive  Contr ibut ions of 
Factors.  

Source DF SS PR > F 

Model 5 1.7783 0.0003 
Error 12 0.3754 

Factor  1 1 0.6756 0.0006 
Factor  2 1 0.5927 0.0009 
Factor  3 1 0.4121 0.0035 
Factor 4 1 0.0874 0.1205 
Factor 5 i 0.0104 0.5740 

In the classical regression model (eq. 2), the B. are est imated, based on a set 
- s  of observations. With such a model, log C (BR) for some new der ivat ive 

can be est imated by computing the sum of the products of its SC. values and 
the corresponding B i values. ] 
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The PCA model is also predict ive. The only difference in PCA regression 
modeling is that instead of using raw and correlated SC i values~ the PCA 
model uses orthogonal l inear combinations of the SC i values, 

The SC. values for a new derivat ive are easily converted to PC scores. F i rst  
each S~. value for the new derivat ive is standardized, To do this subtract 

1 the mean SC. value (for the SC in question) and divide this dif ference by the 
�9 1 corresponding standard deviation (means and standard deviations are listed 

in Table 8). This provides scaled SC i values. 

Principal  component  scores  can then be ca lcula ted  by multiplying the scaled 
SC i values by the scoring coef f ic ien ts  (Table 9). 

For example  the Fac tor  1 score for observat ion number 1 is obtained by f i rs t  
scaling the original SC i values. The scaled SC i values (SCi*) are: 

PI i - ~  , MR i - M - - R , e t c .  

PIsD MRsD 

These scaled values are then multiplied by their respec t ive  scoring 
coe f f i c i en t  (K.). The sum of these products  is equal to the Fac tor  1 score 

�9 l for observation number, 

Pli* K p I + M R  i *  K M R +  .... + l x v i *  K1XVsu b=  

FACTOR 1 for observation 1. 

(1.15)- (-0.103) (-0.145) + (17.24)- (7.6/41) (0.449) + 
0.680 0,.105 

( .51)- ( .255)  (-0.023) + ( -0.89)-  (-0.148) (-0.066) + 
8.215 0.270 

(0.733)- (0.624) (0.641) = 0.955 
8.327 

Table 8 Mean and Standard Deviations of SC. 
1 

Parameter 

PI MR F R 1xV 

-0.i03 7.60,1 0.255 -0.148 0.620, 
0.680 0,.105 0.215 0.270 0.327 

MEAN 
STD 



Table 9 Scoring Coeff ic ients 

Factor 

Parameter F1 F2 F3 Fb, F5 

PI -0.145 0.008 1.043 -0.027 -0.187 
MR 0.449 -0.041 -0.100 -0.031 1.866 
F -0.023 1.028 0.009 -0.124 -0.279 
R -0.066 -0.12/4 -0.028 1.033 0.073 
1XVsu b 0.641 0.005 -0.084 -0.046 -1.734 

There are l imitat ions to this technique. The scoring coeff ic ients obtaine_~ 
for napthalene derivatives for example, can not be used to predict log C 
(BR) for non-napthalene derivatives. Rather, a separate PCA should be 
performed 9 for each " fami ly"  of compounds. The PCA we performed used a 
highly heterogeneous set of .napthalene derivatives. Thus with a new 
napthalene derivative log C -• (BR) could be predicted by our scoring 
coeff icients. This technique might become invalid, however, i f  the new 
napthalene derivative had SC i values that were outside the range of values 
in our analysis. 

The results of the PCA and subsequent multiple regression analysis yielded 
similar results to a regression analysis of log BR vs. the raw SC.. (Schultz el: 
al. 1983). The f irst PC was defined by the variables MR and l[..Vsub . . The 
second PC was defined by the variable F, and the third PC by Re varmb]e 
PI. In the subsequent multiple regression model of log BR against the PC, 
only these three factors made a signif icant contribution to the overall model 
sum of squares (see Table 7). 

A comparison of squared correlation coeff ic ients for tradit ional regression 
models of log BR versus each of the SC. has shown MR to be the best single 
descriptor for this data set followed in �89 by 1. v b' F and PI (Schultz et 
al. 1983). Molar re f ract iv i ty  accounts for 4~.5~o I of the variation in 
biological act iv i ty.  Mult iple regression analyses (Schultz et aL 1983), on- 
the-other-hand, have demonstrated that Ha and PI formed the best two 
descriptor model followed by MR and F. The former explains 71% of the 
variabi l i ty in log BR, whereas the lat ter  explains 62%. The L~est three 
parameter models were Ha, PI and F and PI, MR, and F with r values of 
0.758 and 0.7287 respectively. The independeni~ variables PI, MR, F and R 
formed the best four parameter model with an r ~ value of 0.812. 

The results of the PCA are in complete accord with those of the tradit ional 
regressions of log BR versus the raw SC.. This is especially true i f  the 

] 
discrete variable Ha is not used. For example, in the present analysis only 
three components are signif icant (see Table 7). These components are 
dominated by MR, F and PI, respectively, (see Table 6). These are the same 
parameters which form the best three variable trod]tonal model i f  Ha is not 
included. 



The molecular descriptors MR and 1xV s b consistently load on the same 
�9 U . component he. these two parameters ?are h~ghly correlated= The 18 

derivatives tested in this study, have an r"  value of 0.850. 

The question arises as to why one should employ PCA if the resulting 
multiple regression model yields results that coincide with those of standard 
regression analyses? The answer is that in standard regression analyses, 
interpretation is confused by correlations among the independent variables. 
And this problem becomes more complex as the number of independent 
variables (SCi) increases. PC analysis defines orthogonal variables, and 
these new variables can be used in multiple regression models. 
Interpretation of multiple regression models based on orthogonal variables is 
much simpler. Moreover~ one could incorporate variables other than SC i in 
a PCA analysis without loss of clari ty of interpretation. 
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