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ABSTRACT 

Twenty-seven disperse azo dyes were analyzed using Quantitative Structure- 
Activity Relationship (QSA R) methods by correlating variations in the chemical 
structure with -Ap”, the afJinity to cellulose fiber. Classical QSAR results, r2 
of 0.32 for CLogP (the calculated octanol-water partition coejicientj and r2 
qf‘0.924 for MTD (minimum topological difference), suggest that steric, but not 
hydrophobic, efects are important. For Comparative Molecular Field Analysis 
(CoMFA), a three-dimensional QSAR (3D-QSAR) method, r’ ulas 0.925, while 
q2 (cross-validated r2) alas 0.776for 2 PCs (principal components). CoMFA 
results imply that the pharmacophore theory of dye-fiber interaction holds 
true. Howlever, CoMFA was insensitive to the alignment rules. PCA (Principal 
Component Analysis) shows that PC1 is related to chemical substituents, 
tchereas PC2 is related to molecular length (h). The correlation between - Ap” 
and h (a 1 D descriptor) is similar to the CoA4FA results. We therefore question 
the validity of the pharmacophore theory of dye-jiber interaction, and illus- 
trate a case of overfitting in QSAR. Features that could improve disperse azo 
dye binding to cellulose are proposed. Copyright 0 1997 Elsevier Science Ltd 

Keywords: 3D-QSAR methodology, CoMFA, GOLPE, CLOGP, disperse 
azo dyes, pharmacophore. 

INTRODUCTION 

Effective dye adsorption by textile fibers has economical and even ecological 
implications. In recent years, several QSAR models have been developed, 
*Corresponding author at: Medicinal Chemistry, ASTRA Hassle AB, S-431 83 Molndal, 
Sweden. 
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correlating dye technical properties (light-fastness, fastness to washing, 
affinity for fibers) with dye structure. ‘-’ Langmuir isotherms describe with 
reasonable approximation the dyeing of cellulose fibres.8 Different saturation 
values, obtained for various dye structures, suggest a “quantitative cor- 
relation between cellulose morphology and the dyeing equilibrium”.9 A 
predominantly parallel orientation to the fiber axis of the dye molecules was 
found by electro-optical methods. lo The above facts suggest the existence of 
specific sites for the dyes. The putative binding site for the dye molecule 
would be on the crystalline region of the cellulose, in the cavities formed by 
the supermolecular structure. ” The dimensions of these sites, between the 0 
micro- and macrofibrils, are of the order of a few Angstroms or more.‘* 

Based on this theory, classical Hansch,13 MTD13~14 and COMFA’~,‘~ 
QSAR studies have described the dye affinity for anthraquinone vat dyes and 
symmetrical bisazo dyes-both adsorbed as anions. In the case of disperse 
(neutral) dyes the adsorption on cellulose is well approximated by a Nernst 
isotherm.16 However, the adsorption mechanism on cellulose seems to 
be more indistinct. Experimental evidence suggested hydrogen-n: electron 
(carbohydrate&ye), dipole-dipole and hydrophobic interactions.“,” It was 
proposed that these dyes are adsorbed on a water-free area in cellulose, and 
no hydrogen bonds were observed.18 

To gain further insight in the molecular aspects of dye-fiber interaction, 
we have now studied the affinity of disperse dyes for cellulose using 
molecular modeling and QSAR techniques. We report traditional Hansch, 
MTD and CoMFA results for a series of 27 disperse azo dyes (see Fig. 1 and 
Table 1). Based on hydrophobicity QSARs, we exclude hydrophobic forces 
as the main driving force in this interaction and we also show that CoMFA 
does not depend on the alignment rule, i.e. on the optimization procedure, 
the superimposition criteria and the partial charge density. This observation 
prompted us to question the validity of the pharmacophore hypothesis, since 
CoMFA is based on a receptor-ligand paradigm. MTD results do not con- 
tradict the observation that both CoMFA and MTD are well approximated 
by using a one-dimensional QSAR descriptor, namely molecular length (h). 
Based on the combined QSAR results, molecular features that could improve 
disperse azo dye binding to cellulose are proposed. 

COMPUTATIONAL METHODS 

Traditional descriptors: CLogP and MTD 

The most important single parameterI in traditional QSAR relates to the 
hydrophobicity of a compound. For example, a descriptor related to hydro- 
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Compounds 

Fig. 1. Structure of the studied disperse azo dyes (see also Table 1). 

phobicity (e.g. 7c or LogP) is present in 80% of the 3000 biological QSARs 
included in the Pomona QSAR database.20 We have, therefore, included 
LogP2’ calculations for the azo derivatives in our QSAR analysis. LogP 
measures the partition of a compound between the aqueous and 1-octanol 
phases-which, in turn, estimates the propensity of a given compound to 
transport through membranes. This descriptor can be used to rationalize if 
the target system has significant hydrophobic compartments involved in the 
binding process. LogP also correlates with the difficulty of removing the 
ligand from its aqueous cavity (salvation shell), as it docks into the receptor 
binding site-and was used to test the hypothesis that disperse dyes are 
adsorbed on a water-free (hydrophobic) area in cellulose.‘* 

We calculated LogP (CLogP) using the MacLogP22 program. This pro- 
gram compiles a list of fragments encountered in the molecule, then looks for 
those fragments in a database, to see if LogP was measured in the adequate 
environment. Electronic effects are considered via the Hammett equation, 
looking for cr values. CLogP values are listed in Table 1. 
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In the Minimum Topologic Difference (MTD) method,23 the molecular 
structure is described using the hypermolecule concept: a 3D network is 
obtained by approximate atomic superimposition of the molecules i (i = 1,. . ., hJ) 
of the QSAR series. Hydrogen atoms are neglected. A 2D hypermolecule can 
often be constructed ‘by hand’, using structural organic chemistry. The hyper- 
molecule is treated as a topological network, where vertices correspond 
to positions of the ligand molecule atoms (in the receptor cavity) and edges 
correspond to valence bonds between atoms. Molecule i is described by the 
occupancy (xii= 1) or non-occupancy (x~ = 0) of the j= 1,. . ., M vertices of the 
hypermolecule. The j vertices are attributed to three regions: receptor cavity 
(beneficial, Ej= -1) receptor walls (detrimental, ci= + 1) or exterior (neutral, 
Ej= 0). The MTDi d escriptor of molecule i equals the number of occupied 
detrimental vertices plus the number of unoccupied beneficial ones (s represents 
the number of cavity vertices in the hypermolecule): 

MTDi = 5 Ej . .Xij. (1) 
j=l 

The j values are established through an optimization procedure, which max- 
imizes the fit of the correlation equation (2) for the model (cc-other QSAR 
descriptors, Y,-biological activity). 

Ya,j = a0 + al . ali + a2 .a2i + . . . - /I. MTDi. (4 

The procedure is started with an initial set of j attribution, biased by the 
user’s ‘chemical intuition’ about the quality of the vertices. If a molecule can 
adopt several low energy conformations (or can be superposed in several 
ways in the hypermolecule), in the binding site it will adopt the one that fits 
best into the receptor (i.e. with the lowest MTD value).24 MTD values are 
listed in Table 1, while the hypermolecule is shown in Fig. 9. 

The CoMFA Method 

The following assumptions form the basis of the CoMFA method:25T26 
(i) structural d e al s of the common receptor binding site are not known for t ‘1 
the compounds in the studied series; (ii) modeling physico-chemical aspects 
of ligand-receptor interaction, e.g. force-field parameterization and solvent 
effects, have a degree of uncertainty; (iii) observed variations in experimental 
activity among different compounds may be explained with calculated 
physico-chemical properties within a given series. The receptor-bound 
conformations of the modeled compounds, as used in the CoMFA models, 
can be supplied from experimental determinations,27,28 or can be modeled 
using an initial hypothesis.29 
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In CoMFA, non-covalent ligand-receptor interactions are replaced by 
steric (Lennard-Jones 6-12 potentials) and electrostatic (monopole Cou- 
lombic) interactions of the ligand with regularly spaced probe atoms (lattice). 
The steric and electrostatic interactions of probe atoms with the ligand are 
calculated at grid points, then tabulated for each molecule (row) in the series. 
The resulting matrix is analyzed with multivariate statistics (Partial Least 
Squares30 or PLS), yielding an equation that relates CoMFA field values to 
activity. This process highlights those features of the receptor that are 
investigated by the given structure-activity data set. The resulting QSAR 
coefficients (fields) are then graphically examined as contours in 3D space,31 
and suggest areas for improvement in ligand design. 

We used the following specifications for CoMFA runs: 2 A spaced grid 
(29x 19x 15 A, 1200 grid points); probe atom: Csp3+ 1; dielectric constant 
of 1.0; cutoff + 20 kcal/mol, with no electrostatic interactions at steric over- 
lap points (i.e. electrostatic field values are not considered at grid points 
overlapping with ligand atoms). 

We used the Sybyl implementation32 of the PLS algorithm3’ for regression 
analyses, initially with cross-validation (leave-one-out model; LOO), and five 
principal components. From the analysis with the highest cross-validated r2 
value (q*), we chose the optimal number of components. For similar or 
identical q* values, we chose the model with the smallest standard error of 
prediction (SEP). We used a 0.5 kcal/mol energy column filter (minimum 
sigma) for all CoMFA (not GOLPE) calculations, to improve the signal-to- 
noise ratio. 

The measure of robustness,26 q2, is defined as: 

PRESS = k[Yp - Ya)’ 
i=l 

SD = e(Ya - Y,)* (5) 
i=l 

where PRESS is the sum of squared deviations between predicted (Y,) and 
measured (actual, Y,) biological activity values for all N molecules in the set, 
and SD is the sum of the squared deviations between measured biological 
activity values of the molecules in the test set and the mean (Y,) activity 
value for all N molecules in the training set. From its definition, the ideal 
model yields a q2 of 1, but values can go to zero (or below) for models that 
predict values equal to (or worse than) Y,. Negative values imply that the 
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width of the model distribution is larger than the standard deviation of the 
actual activities distribution. 

A parameter that does not depend on the mean activity, SDEP, has been 
proposed:33 

SDEP = d N 
(for 1 model) 

K SDEP 
SDEPTot = c K (for K models). 

j=I 
(7) 

The use of SDEP has been extended from 1 model [equation (6)] to all 
models derived during cross-validation [SDEPr,, (equation 7)], when the 
results of equation (6) are averaged over the K models computed during the 
process. In both cases, a lower SDEP value reflects a good predictive ability. 
The SDEProt index, referred to as SDEP in this paper, is used to compare 
various cross-validated CoMFA models using the COLPE program (see the 
next section). Defined in a similar fashion, 26 but introducing a penalty for 
higher component models, are the standard error of prediction, SEP, and the 
standard error of estimate, SEE: 

C(r, - Ya)? 

SEP = ,=I 
N-c-l 

(for 1 model) (8) 

5( Y, - Ya)2 

SEE = !=I 
N-c-l 

(for 1 model) 

where c is the number of components used in the regression model. SEP and 
SEE are routinely used in the Sybyl implementation of PLS. 

Chemometric methods 

To analyze the CoMFA fields with multiple cross-validation, we used 
GOLPE34 (Generating Optimal Linear PLS Estimations). We determined 
the optimal number of latent variables (PCs) using the two random groups 
cross-validation model. In this procedure, the data set is randomly divided in 
two equal groups (or approximately equal, for series with odd number of 
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compounds), and one set is used to derive the CoMFA/PLS model. The 
remaining group is used for prediction. This process was repeated 25 times. 
We compared these results with the leave-one-out cross-validation model. In 
this procedure, one of the compounds is excluded from the data set once and 
only once. The remaining compounds are used to derive a model, later used 
to predict the excluded compound. This process is repeated for as many 
times as compounds, with recalculation of weights. In what follows, the 
labels CV2 and LOO are used to identify results from the two random 
groups and the leave-one-out cross-validation models. 

In this work, the X-distribution for both steric and electrostatic fields was 
studied in GOLPE, and a standard deviation (SDEV) filter was applied to 
each field: 0.117 kcal for steric field values, and 0.810 kcal for electrostatic 
field values. CoMFA/PLS results were recalculated using the GOLPE 
implementation of the PLS algorithm. These latter results are reported for 
CV2 models only, since they are similar with LOO results from the CoMFA 
PLS. 

Molecular modeling. Additional QSAR descriptors 

CoMFA model systems are based on defined molecular geometries and on 
atom-centered partial charges. Molecular geometries were determined starting 
from crystallographic information: the -N=N- moiety is in the tram config- 
uration in azo derivatives,35,36 and the molecule is nearly planar, with slight 
deviations (3-10”) between the phenyl ring planes. In a para dimethylamino 
substituent, a nonpyramidal nitrogen (i.e. sum of bond angles 360”) was detec- 
ted. The alkyl carbons from the same substituent were roughly in the phenyl 
ring plane. 36 However, the geometry optimization programs (Tripos Force 
Field, and closed shell MOPAC-AMl) systematically placed the N-substituted 
groups out of plane. 

For Alignment 1, structures were built and optimized empirically using the 
Tripos 5.2 force field. 37 Partial charges were determined using the Gasteiger- 
Huckel electronegativity-based method, as implemented in Sybyl 6.0. 
N-Alkyl and N-hydroxy-alkyl chains were modeled in the all-trans (exten- 
ded) conformation. This criterion was maintained in all four alignments, for 
consistency. For Alignments 224, the structures were optimized using 
MOPAC38 6.0 (AM1 Hamiltonian, using the Eigenvector Following mini- 
mizer), a semi-empirical quantum-mechanical program. Partial atomic 
charges from the semi-empirical AM1 method were used for alignments 2 
and 3, whereas potential-fitted charges (from the ESP method39) were used in 
Alignment 4. Criteria for each alignment are summarized in Table 2. 

The molecular length (h) descriptor is the measured distance between the 
farthest atom on the substituted phenyl (‘A’) side and the last atom in the 
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TABLE 2 
Summary of CoMFA (LOO) Results 

PCS I 2 3 4 

q2 0.516 0.714 0.763 0.719 
F 4.471 10.473 13.528 10.739 

SEP 3.279 2.572 2.391 2.663 

9* 0.630 0.683 0.717 0.690 
F 7.138 9.066 10.622 9.354 

SEP 2.867 2.705 2.615 2.796 

4* 0.675 0.754 0.746 0.733 
F 8.737 12.840 12.339 11.555 

SEP 2.684 2.387 2.475 2.593 

q2 0.717 0.776 0.747 0.755 
F 10.665 14.543 12.371 12.957 

SEP 2.504 2.276 2.473 2.485 

5 Observations 

0.665 Alignment 1: Tripos 
8.337 Force Field & charges 
2.975 from Gasteiger-Huckel 

0.658 Alignment 2: geometry & 
8.097 charges from AM I, 
3.004 linear atoms fit only 

0.721 Alignment 3: geometry & 
10.875 charges from AM I, 
2.713 all-rings atoms fit 

0.750 Alignment 4: geometry 
12.590 from AM I, ESP charges 
2.571 all-rings atoms fit 

substituted amine moiety (‘B’) side. For molecules with the same A and/or B 
substituents, the same atoms were considered. If no substituents were present 
on the B side, the amine nitrogen atom was used. The h values given in 
Table 1 are calculated for the AM1 optimized geometry. This descriptor was 
improvised because it is suitable for linear molecules such as the flat azo 
derivatives. In a previous work 4o for compounds 1.1-1.20 among other 
parameters, molecular shape descriptors (e.g. Verloop’s STERIMOL, Char- 
ton’s steric) were tested in a Multiple Linear Regression analysis. After 
variable selection, only hydrophobicity (Hansch) and electronic (Hammett) 
parameters were kept. 

RESULTS AND DISCUSSIONS 

Discussion of CoMFA results 

Four different alignment rules have been used in CoMFA, as explained in 
Table 2. Cross-validation results (LOO) are presented in Table 2. Regression 
results from the optimal LOO models show that statistically significant 
correlations have been obtained (Table 3). Only two or three PCs are 
required to establish a robust QSAR model, regardless of the alignment rule. 

This insensitivity was surprising, since significant geometric and elec- 
trostatic differences exist between the four alignments. For example, the 
dihedral angle between side A (e.g. halophenyl) and side B (e.g. p-bis- 
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TABLE 3 
Summary of CoMFA Regression Results 

Alignment model I 2 3 4 

l-2 
F 
SEE 
Relative Contributions (CoMFA) 
Steric 
Electrostatic 

0.920(3) 0.915(3) 0.912(2) 0.925(2) 
88.713 82.270 123.888 147.533 

1.385 1.434 1.429 1.319 

0.675 0.555 0.566 0.573 
0.325 0.445 0.434 0.427 

P-hydroxyethylamino-phenyl) in compound I.4 is 23.86” in the AMl- 
minimized geometry, compared to 5.44” in the Tripos force field minimized 
geometry. With respect to the electrostatic description, we point out just the 
differences in the partial charge of the sulfur atom from compound 11.7, which 
has three different values: -0.0013 in the Gasteiger-Huckel approximation, 
0.4187 using the AM1 method, and 0.2962 using potential-fitted charges 
(ESP). We do not discuss other differences, since we further show that 
comparable correlations are obtained with a one-dimensional descriptor, h. 

The CoMFA steric field yields a better model compared to the CoMFA 
electrostatic field: in the CV2 model (Table 5), the latter has less predictive 
ability and stability: it has the highest SDEV(sdep)-i.e. large intra-model 
variations among CV2 cross-validation models, and it is also insensitive to 
the level of description (empirical vs AM1 vs ESP charges). Because the 
optimal electrostatic field model is at 3 PCs, and the steric field model is 
optimal at 2 PCs, the combination of steric and electrostatic fields yields a 
model that is worse than the steric, but better than the electrostatic field 
model. 

Graphical analysis of CoMFA fields is useful in explaining activityxon- 
tribution relationships (visualized with the GOLPE program). We discuss 
the most active (11.7) and one of the most inactive compounds (1.13) 
as examples. Graphic results of the activity-contribution plots are presented 
in Fig. 2. We have used the 0.8 contribution level for both negative and 
positive contributions. From the steric contours, it is apparent that the poor 
activity of compound I.13 is explained by the lack of perpendicular sub- 
stituents at the amino nitrogen. This negative contribution considerably 
reduces the binding affinity, when compared to the electrostatic contribu- 
tions. Positive steric contributions for compound II.7 are explained by the 
presence of the A’ ring (substituted at the A ring), as well as the A-A’ 
junction (see also Fig. 11). Compared to compound 1.13, the beneficial area 
has higher contribution, since more points are distributed in the surrounding 
region. For compound 11.7, a similar pattern is observed in the electrostatic 
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Stmic Field 

Eledroetatic Field 

Fig. 2. CoMFA fields activity-zontribution for the most active (11.7) and inactive (1.13) 
compounds of this series. Dark and light gray spheres represent beneficial and detrimental 

contribution regions, respectively. Stereo plots. 

field, as the two beneficial contributions overlap in space. For compound 
1.13, the steric effect seems dominant, as positive electrostatic contributions 
located around the A ring do not have a significant effect on the activity. 
Negative contributions in the electrostatic field of compound I.13 are due 
to a shorter length of the N+hydroxyethyl moiety (e.g. N-l!l-cyanoethyl 
substituents are also active). 

The relative insensitivity of the alignment rules prompted us to further 
analyze the nature of the latent variables. The PCA score plots are presented 
for the steric (Fig. 3) electrostatic (Fig. 4) and combined CoMFA fields 
(Fig. 5) for the first two latent variables. We have chosen Alignment 4 for 
this analysis, since it has the highest q2 in the LOO procedure. The actual vs 
predicted affinity plots for the above CoMFA models using CV2 results are 
shown in Figs 68. 

In the score plots of the CoMFA steric field (Fig. 3) the second series of 
compounds, namely compounds 11.2-11.7, is clustered in the negative region 
of PC1 (which explains 27.07% of the variance). Compounds lacking any 
substituents (1.3, I.13 and 1.18) are located at the far positive end of PCl. 
The second latent variable, which explains 20.77% of the variance, has a 
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PCA scores (Stem only) 

Fig. 3. PCA score plot-CoMFA steric field. 

different clustering scheme: compounds that have ortho substituents at the A 
or B rings-I.17 and 1.20 and 1.9, respectively-are located at the positive 
end of PC2, whereas mostly linear molecules like II.7 and I.3 are located at 
the negative end of PC2. These observations prompted us to conclude that 
PC1 is mostly related to the length of these compounds, whereas PC2 
explains the width of the compounds (i.e. deviations from co-planarity at the 
azo moiety or in the substituents). 

Electrostatic field PC score plots (Fig. 4) show a different clustering 
scheme, probably related to the chemical nature of the substituents. For 
example, in PC1 (which explains 45.85% of the variance), all paua-nitro 
substituted compounds (at ring A) are clustered in the positive end (com- 
pounds 1.1, 1.2, I.3 and 1.5) while the meta-nitro compound is closer to 
the median (I.ll), and the outho-nitro compound (1.20) is located at the 
negative end. By contrast, compounds lacking a para substituent (1.9, I.17 
and 1.19) almost overlap. Compounds that have pat-a-halogen0 substituents 
at ring A (1.4, I.6 and 1.16) are centered around the zero value of PCl, with the 
meta-chloro compound (1.7) nearby. Compounds from the II series are 
either centered around the zero value (11.7), or clustered in the negative region 
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Fig. 4. PCA score plot-CoMFA electrostatic field. 

(11.1-11.6). Thus PC1 seems to measure the electron rvitlzdmwing ability of the 
substituents of the A phenyl ring, when part of the conjugated system. The 
second latent variable, explaining 15.51% of the variance, is less easy to 
interpret: compounds 11.2, II.5 and II.6 have the same positive PC2 score, 
while compounds I&1.14, I.17 are in a similar situation in the negative region. 

In the combined steric and electrostatic field (Fig. 5) PC1 (explaining 
28.12% of the variance) displays a similar clustering scheme to the first latent 
variable in the electrostatic field, while PC2 (explaining 24.14% of the var- 
iance) is similar to the first steric latent variable. Both have been discussed 
above. Since the steric field gives better results in the CV2 procedure (see 
Table 5), we decided to correlate -Ap’ with h. These results, as well as other 
traditional QSAR results, are discussed in the next section. 

Discussion of traditional QSAR results 

Prior to the quantum-mechanical and CoMFA computations, a MTD 
analysis was performed. The hypermolecule (numbering of the vertices is 
given in Fig. 9) was constructed ‘by hand’ based on molecular similarity. 
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PCA scores (Both Fields) 
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Fig. 5. PCA score plot-both CoMFA fields. 

Compounds 1.1, 1.7, 1.8, 1.11-1.14, II.4 and II.5 were placed in more than 
one position in the hypermolecule (see the j values in Table 1). The start 
hypermolecule, So (initial E, attributions) was constructed inspecting the 
occupancy of the vertices in the series. Beneficial vertices were considered 
those occupied mostly in compounds with high affinity, while detrimental 
ones were those involved in the inactive ones. After the optimization process 
the final ‘receptor map’, S* was obtained. The vertex attributions are in 
agreement with those resulted from an earlier MTD study4’ on compounds 
1.1-1.20. 

j(Ej=-1): 9-11, 13, 15-24 
so j(E; = 0) : 1 - 4, 8, 14, 2.5 - 33 

( j(Ej=+l) 1 5-7 

S 

I 

j(Ej=-1) 1 8-l 
,j(Ej = 0) 1 2 - 4, 
j(Ej IX +l) 1 1373 

(10) 
1, 13, 15 - 18, 20- 25, 33 
5 - 6, 14, 26, 28 - 32 
12, 19, 27 
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Fig. 6. Actual vs predicted activities-CoMFA (steric field) model. 

The QSAR equation and the corresponding statistical parameters are given 
in Table 4. The LOO q2 value (calculated here starting for the training sets 
with So) is 0.848. An MTD run starting from a hypermolecule in which 
all the initial cj values were zero gives similar results (not shown). The inter- 
pretation of vertices attribution roughly gives the same results as CoMFA. 
The beneficial region is located near the longest molecular axis. The uncer- 
tainty concerning vertices 26-33 is due to a relatively uniform occupancy in 
the whole series (see Table 1). 

Hydrophobic transferability does not play an important role in the binding 
process, since CLogP does not correlate with -Ap’ for this series. This is not 
surprising, since hydrophobic cavities are rarely present in cellulose fibers, 
and since no membrane barriers have to be crossed during binding. 

Using descriptors generated from quantum mechanical calculations 
(dipole moment, heat of formation, HOMO/LUMO energies), as well as h, 
generates a good model. However, MOPAC descriptors add little to the 
model, judged by the weighted regression-coefhcients: although dipole- 
dipole interactions were proposed I8 for 1.1-1.20, here the dipole moment was 
excluded based on reduced contribution to the QSAR model. It was 
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Fig. 7. Actual vs predicted activities-CoMFA (electrostatic field) model. 

observed that HOMO and LUMO have a smaller contribution than h alone. 
HOMO/LUMO orbital densities, when used as CoMFA fields, failed to 
correlate with -Ap’ (data not shown). 

The molecular length descriptor (h) generates the simplest predictive model 
(see Fig. 10 for predicted versus actual affinities), and confirms the impor- 
tance of steric over electrostatic factors, as noted in CoMFA. Unlike disperse 
dyes (present study), for anthraquinone vat dyes and symmetrical bisazo 
dyes we observed that electrostatic effects are dominant in COMFA.‘~,‘~ 
MTD results concerning vertex attribution can be interpreted as the 
requirement for longer planar structures when the affinity increases. The 
importance of molecular length alone prompted us to question the validity of 
the pharmacophore theory in the dye-fiber interaction. 

Since it is based on the ligand-receptor paradigm, CoMFA fields can be 
mapped to the receptor binding-site, as previously shown.42 However, when 
CoMFA results are insensitive to the alignment rule, it is useful to question 
either (i) the validity of the alignment rules or (ii) the validity of using 
CoMFA and its underlying hypothesis, the pharmacophore concept, for the 
system of interest. 
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ACtd Both fields 

Fig. 8. Actual vs predicted activities-CoMFA (both fields) model. 

For the azo series, the validity of the alignment leaves little room for doubt: 
the chromophore moiety -N= N- overlaps, and the general directionality of the 
molecules is conserved. This points to the second possibility: In this case, 
CoMFA does not model a receptor-ligand type of interaction. The fact that h, a 
much simpler descriptor, leads to comparable statistical results, implies that the 
dye-fiber interaction is less specific than a receptor-binding type of interaction. 

Such a pharmacophore would probably include hydrogen-bond donors and 
acceptors. In that case, compounds which completely lack the p-N-/3-hydroxy- 
ethyl substituents (1.3), or which havep-N-P-cyanoethyl moieties (11.3), would 
not display moderate or good affinity, respectively. The fact that compound 
11.2, which has the p-N-P-hydroxyethyl instead of p-N+-cyanoethyl, has 
smaller affinity further substantiates the absence of a hydrogen bond-based 
pharmacophore. The lower -Au0 is probably due to an increased preference 
for the aqueous environment, when comparing CLogP values (Table 1). 

These results prompt us to another important aspect of QSAR analysis: 
the qualities of a good QSAR model, which include simplicity, as opposed 
to the risk of overfitting the data. We briefly present these qualities for the 
disperse azo dyes QSAR: 
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26 

Fig. 9. MTD hypermolecule for the studied compounds with the numbering of vertices. 
Beneficial vertices (j== -1) are marked by open circles, detrimental vertices (j= + 1) by black 

filled circles, irrelevant vertices (j= 0) by dots. 

TABLE 4 
Summary of Traditional QSAR Results 

MTD ClogP EH&EL h L EH & EL 

r2 0.924 0.322 0.541 0.748 0.852 
F 305.185 I 1.865 14.143 74.175 69.173 
SEE 1.296 3.880 3.258 2.365 1.849 
Relative contributions 0.421 En 0.259 En 

0.579 EL 0.218 EL 
0.523 h 

Regression equations 
-Au’ = -1.575.MTD + 31.783 
-Au’ = 3.871CLogP - 3.226 
-Au- = 11.70.E,, ~ 12.046,EL + 99.313 
-Au’ = 2.369.h - 25.669 
-A/l= = 2.020.h +6.818.E, - 4.302.EL + 35.251 

l robustness-as suggested by cross-validation (LOO) and regression 
results, which show that the MTD, CoMFA and h QSARs are statisti- 
cally significant (Tables 24); 

l predictive pokver-in the absence of a test set, predictivity was tested 
with the CV2 model; except for the electrostatic field, all QSARs have 
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Fig. 10. Actual vs predicted activities--h QSAR model. 

good predictivity (Table 5); the smallest SDEV(sdep) is observed in the 
monoparametric (h) QSAR; 

l explanatory power-based on these QSARs, we have inferred molecular 
features that could enhance -Ap3; the suggested improvements are 
given in the conclusion; 

simplicity-in this case, the h QSAR is extremely simple; contrasting 
with the 1200-variables CoMFA model, this points out that QSARs 
should not be overfitted (i.e. the unwary investigator might have 
stopped after obtaining good CoMFA results); 

uniqueness-the fact that several CoMFA models were significant 
prompted us to further investigate the nature of this correlation; after 
PCA, we have derived a unique, structurally related descriptor (h). 

Conclusions 

We analyzed the nature of the dye-fiber interaction for 27 disperse azo dyes 
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TABLE 5 
Summary of CV2 Cross-validation Results 

Descriptor(s) PCS SDEP SDEV(sdep) q2 

Steric field 2 2.516 0.302 0.692 
Electrostatic field 3 2.902 0.603 0.590 
Both CoMFA fields 2 2.603 0.363 0.670 
h 2.537 0.197 0.687 
L En 8~ EL I 2.541 0.272 0.684 

using several QSAR methods. Hydrophobic effects were excluded because 
CLogP gave a limited correlation, y2 = 0.32. MTD (r2 = 0.924) and CoMFA 
(r2 = 0.925 and q2 = 0.776, LOO) results emphasized the importance of steric 
contributions for enhancing -Ap", the affinity to cellulose fiber. CoMFA 
results apparently confirm the validity of the pharmacophore theory of dye- 
fiber interaction. However, CoMFA was insensitive to alterations in the 
alignment rules (Table 2). PCA score plots for both CoMFA fields (Fig. 5) 
showed that PC1 is related to chemical substituents (mostly electrostatic), 
while PC2 is related to molecular length, h (largely steric). The correlation 
between -APO and h shows that a one-dimensional descriptor is capable to 
explain the data as well as CoMFA (1200 variables), illustrating a case of 
overfitting a QSAR model. Therefore, we have questioned the validity of the 
pharmacophore theory of dye-fiber interaction. 

Figure 11 summarizes the useful features for high affinity: long linear struc- 
tures and substituents that maintain linearity are favored. We propose two 
possibilities for novel chemical structures, aimed to improve azo dye affinity: 
(i) symmetric dyes [P(HOC2H4)2N-C6H4-N]2 or [P-(NCC2H4)2N-C6H4-N2 and 
derivatives--this would double the presumed ‘cellulose binding sites’ capacity 
via the N(CH&H& moiety and would experimentally address the question of 
pharmacophoric patterns in cellulose fibers; (ii) multiple phenyl linear dyes-to 
address the question of the optimum length for linear molecules. 

Our results suggest that this binding process is not optimally modeled in a 
receptor binding site paradigm (CoMFA). Steric fields are well approximated 
by molecular length, while electrostatic interactions appear less important 
using the current level of theory. Moreover, the affinity of binding is less 
specific in terms of pharmacophoric constraints. These observations suggest 
that higher affinity is not paralleled by an increase in specificity. 
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Fig. 11. Summary of useful features for higher cellulose affinity in the case of the studied 
disperse azo dyes. 
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