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Topological indices (TI) are extensively used as molecular descriptors in building Quantitative Structure-Activity 
Relationships (QSAR), Quantitat ive Structure-Property Relationships (QSPR) and Quantitative Structure-Toxicity 
Relationships (QSTR). We have applied the QSAR approach for the first time to froth flotation and :nodelled the separation 
efficiencies (Es) of four series of collectors namely, cupferrons, o-aminothiophenols, mercaptobenzothiozoles and 
ary lhydroxamic acids used for the beneficiation of uranium, lead, zinc and copper ores, respectively. Principal components 
extrac ted from topological indices are found to form linear regression equations that can predict the separation efficiencies 
of the first three classes of collectors. Inclusion of substituent constant or quantum mechanical parameters did not improve 
the fit and th is may be due to the absence of large variation in electronic effects among the molecules in each class. A 
quadratic fit has been obtained instead of linear regression in the case of arylhydroxamic acids. The separation efficienci es 

-of the members have been predicted withi n experimental error (±5%) by the best regression equations in each series. From 
the statistical models built, it may be generalized that Es = f(TI). To extend the applications of TI in the field of mineral 
processing, a simi larity space of 587 arylhydroxamic acids has been constructed usi ng principal components extracted from 
Tis. Ten compounds have been selected for synthesis and testing. The approach appears to provide an efficient scientific 
tool for the selection of collectors from a vi rtual database and may lead to an inexpensive and quick method for the 
identification of new collectors. 

Introduction 

QSAR modelling 
Quantitative Structure-Activity Relationship 

(QSAR) and Quantitative Structure-Property 
Relationship (QSPR) studies are mathematical 
quantification, which are extensively used 111 

pharmaceutical and agricultural chemistry for 
screening compounds to be tested for specific 
activit/ -3. Regression models have been developed to 
correlate an experimentally determined property or 
biological activity to the molecular structure4

•
5

. The 
descriptors used in QSAR models are empirical, 
theoretical, physicochemical properties6 and quantum 
mechanically calculated parameters.7 Once a 
correlation between structure and biological activity 
or a physicochemical property is established, it is 
possible to predict the activity/property of any number 
of structurally related compounds including those that 
are yet to be synthesized and tested2

•
8

•
9

. 

The regression models where toxicity of a chemical 
replaces the biological activity are sometimes referred 
to as Quantitative Structure-Toxicity Relations 
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(QSTR). These models are used in predicting toxicity 
of chemicals. Well established QSTR models can be 
used to predice· 1o the toxicity of not only the known 
but also the hypothetical compounds. 
QSARs/QSPRs/QSTRs have become powerful tools 
in contemporary chemical and medicinal research, as 
they have made it possible to predict the biological 
activity, specific chemical activity, toxicity and the 
environmental fate of a chemical even before its 
synthesis. 

Topological indices as molecular descriptors 
To develop QSAR models with good predictive 

ability appropriate molecular descriptors have to be 
chosen. A molecular descriptor aims at mathematical 
characterization of a molecular structure or a specific 
characteristic of the structure as completely as 
possible. Molecular Connectivity Indices (MCI) are 
the most widely used molecular descriptors. These 
molecular meters, MCI, are known as graph invariants 
due to their formulations from the concepts of graph 
theory and are more commonly referred to as 
Topological Indices (TI) as they describe the topology 
of a molecule. The term topological indices (TIs) is 
used hereafter to refer to MCls in this article. The 
large number of models developed8

•
10 with TIs prove 
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that several properties can be expressed as a function 
of topological indices. TIs are fundamental in nature 
and easily computable using simple mathematical 
tools owing to their conceptual simplicity. There is a 
large number of TIs in use from simple connectivity 
indices to 3D descriptors to orthogonal descriptors. A 
recent review by Pogliani II explains the trend in the 
graph theoretic descriptors. 

Background on froth flotation 
Mineral processing industry is facing a tougher 

situation due to the exhaustion of high-grade ores and 
a steady decrease in the grade of existing low-grade 
ores. Flotation is widely used to recover minerals 
from low-grade ores. The low selectivity of mineral
collectors currently in use and their limitations in 
effectively floating non-sulphidic minerals, increase 
the complexity of the situation. This research focuses 
on using concepts of QSAR approach in developing 
mineral collectors that are more selective for their 
application in froth flotation. 

Pre-concentration is an inevitable step in the 
economic recovery of a metal from a low-grade ore. 
Froth flotation is the most widely used process in this 
beneficiation step. Though it was initially developed 
to concentrate sulphides of base metals, it has now 
been expanded to float oxides and oxidized minerals 
and non-metallic minerals such as phosphates, 
fluorites and fine coal. Organic compounds called 
collectors are added to a slurry of a finely ground ore 
to impart hydrophobicity to the minerals. When air is 
passed through such a slurry, the hydrophobic mineral 
particles adhere to the air bubbles. The mineralized air 
bubbles rise to the surface of the slurry . To prevent 
the mineral falling back into the slurry, a frother is 
added to the dispersion. The hydrophobized mineral 
collects in the froth as the concentrate and is 
periodically removed. In addition to collectors and 
frothers, other auxiliary chemicals are also added to 
modify the pH or the surface properties of the mineral 
to effect the selective separation. 

Among the various types of chemicals used, the 
collectors play the most significant role and the 
efficiency of mineral separation and recovery depends 
on the selectivity of the collector. Petroleum 
sulphonates and carboxylates were used as collectors 
in the early days of flotation. These collectors lack in 
selectivity because they act by physisorption. The 
limited selectivity shown in remote cases is obtained 
only by varying pH because the point of zero charge 
(pzq varies from mineral to mineral. 

CheLating agents as mineraL collectors 
Chelating agents attach themselves to a mineral 

surface by chelate formation. The chelating tendency 
of the compounds is higher for transition metals 
which are rendered hydrophobic in preference to 
alkali and alkaline earth metals. The valuable 
minerals are normally compounds of transition and 
inner transition metals while the gangue and clay 
minerals are that of silica, calcium and aluminum. 
This makes chelating agents to perform better than 
conventional collectors and has therefore attracted 12·22 
attention as mineral collectors in flotation research. 
Table 1 lists the types of chelating agents tested to 
float different types of minerals. Chelating collectors 
suffer from two main defects: (i) absence of long 
hydrocarbon chain in their molecules and (ii) 
prohibitively high cost 

Marabini and coworkers23 and Nirdosh and 
coworkers24 had demonstrated that the first defect 
could be overcome by new synthesis methodologies. 
Once it is established that a particular chelating agent 
enjoys good selectivity and has promise to be used, its 
production in bulk would be potentially economic. 

SeLection of cheLating agents 
The molecule of a chelating collector has two parts 

viz., the chelating group (hydrophilic part) and the 
hydrocarbon backbone (hydrophobic part). Though 
the chelating group can be decided from literature and 
experiments done in solvent extraction (liquid-liquid 
extraction) of metals from process and waste 
solutions, and also from solution chemistry of metal 
ions and their interaction with various chelating 
agents, one has to bear in mind that the metal ion 
under consideration in a mineral being floated is not 
present as a completely free metal ion. Rather, it is 
present on the surface of the mineral as a unionized 
entity with only some of its valencies liberated during 

. grinding. Therefore, a chelating agent, which is a 
selective extractant for afree metal ion, may not be a 
selective collector for the mineral of the same metal. 
For example thenoyltrifluoroacetone, a good 
extractant for uranium ion, was not found to function 
as a good collector for uranium minerals?5 It is true 
also for tributylphosphate (TBP).25 Marabini26, 27 had 
laid down a guideline to choose the chelating group 
based on conditional constants. Conditional constants 
are nothing but modified form of thermodynamic 
stability constants where concentrations of 
hydroxylated metal ion and protonated-ligand are 
used instead of the concentrations of free metal ion 
and ligand: 
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Stability constant log K = [ML]/[M][L] ... (1) 

Conditional constant log KI = [ML]/[M'][LI] ... (2) 

where [M] , [L] and [ML] are concentrations of metal 
ion M , ligand L and complex ML, respectively while 
[M'] and [L '] are that of hydroxylated metal ion 
protonated ligand, respectively. 
For a ligand L to act as a collector for a mineral that 
contains the cation MI and forms the complex M IL the 
conditional constant 

10gK
I 

MIL ? 6 ... (3) 

For the same ligand to act as a selective collector 
for MI against the cation M 2 in another mineral in a 
poly mineral dispersion, the difference between the 
conditional constants for the complexes MIL and M2L 
must be 

I L I LogK MIL- ogK M2L? 5 .. . (4) 

The first criterion characterizes the absolute chelating 
power towards a cation and the second one defines the 
relative chelating power of the ligand between two 
cations. 

Once the head group is decided on the basis of the 
above two criteria, the molecular architecture needs to 
be designed. Among the congeners, (the compounds 
with the same chelating group), the collector 

efficiency varies according to the peculiarities of the 
hydrocarbon part and the substituents in it. Flotation 
performance of a collector is evaluated by the 
separation efficiency (Es) defined as: 

Separation efficiency (Es) = Rm - Rg ... (5) 

where Rm = % recovery of the valuable mineral, 

Rg = % recovery of the gangue mineral into the 
concentrate. 

For a low-grade ore, most of the mass in the float 
concentrate will be due to the: gangue mineral. Hence, 
Eq. (4) can be rewritten as: 

Separation efficiency = Rm - Rw ... (6) 

where Rw = % mass recovery . 
Several authors28

-
32 have brought out the implicit 

dependence of separation efficiency of a collector on 
its molecular structure qualitatively but not 
quantitatively. It had already been discussed that 
topological indices are very effecti ve in describing 
molecular metrics. Thus, for the mathematical 
characterization and modeling the collectors, 
separation efficiency (Es) of a set of related 
compounds can be expressed as: 

Es = f(TI) ... (7) 

Table I-Chelating agents tested as mineral collectors 

Chelating collector 

Cupferron 

Salilcylaldehyde 

a -Nitroso f3-naphthol 

Acetylacetone 

Alykylhydroxamic acid 

Arylhydroxamic acid 

Phosphonic acid 

f3-Hydroxy ox imes 

a-Hydroxy oxi mes 

8-Hydroxyquinoline 

Diphenylguanidine 

Dimethylglyoxime 

Benzotriazole 

Xanthates 

Dithiophosphates 

Dithiocarbamates 

Mercaptobenzothiazoles 

2-Aminothiophenols 

N-Benzoyl-O-alkylthionocarbamate 

Ore(s) fl oated 

Cassiterite, uraninite, hematite 

Cassiterite 

Cobaltite 

Malachite, chrysocolla 

Chrysocolla, hematite 

Rutile, chalcopyrite 

Cassiterite 

Oxide mineral s of copper 

Oxide minerals of copper 

Cerussite, chrysocolla 

Copper minerals 

Nickel minerals 

Copper minerals 

Sulphide minerals of base metals 

Sulphide minerals of base metals 

Su lphide minerals of base metals 

Su lphide minerals of base metals 

Oxid ized zinc ores 

Sulphide minerals 
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R 

Fig. I-Structure of cupferron (Refer to Table 2 for R) 

This review describes how we adapted the basic 
concepts of one particular three-M (MMM), 
Molecular Modelling in Medicinal chemistry, to 
another three-M Molecular Modelling in Mineral 
processing. It explains the evolution of this concept 
from empirical correlation to multiple regression 
analysis with a few descriptors to regression with 
principal components extracted from 140 topological 
indices. The models developed with topological 
indices are compared with those formed using 
physicochemical properties. A section on the 
molecular similarity based selection of dissimilar 
structural analogues for synthesis and further testing 
as mineral collectors is also included. 

QSAR modeling of separation efficiencies of 
cupferron-derivatives 

Preliminary studies 
Substituted-cupferrons (see Fig. 1 for structure of 

cupferron) were synthesized24 and tested as collectors 
in floating uranium from a Canadian ore. Separation 
efficiencies of cupferrons are listed in Table 2. A 
maiden attempt33 was made to correlate the separation 
efficiencies of cupferrons with a topological index, 
Weiner number (W). Wiener number of the 
compounds were calculated considering the entire 
chelating group, -N(NO)ONH4 as a single vertex. The 
plot of separation efficiencies against Wiener number 
gave a curve (Fig. 2) with reminiscence of the plot 
obtained by Wiener himself for boiling points of 
alkanes. However, Wiener number cannot distinguish 
the nature of atoms in the substituents. For example, 
fiuoro-, chloro-, bromo-, iodo- and methyl-substituted 
cupferrons have degenerate values. Hall and Kier 
valence indices34

.
35

, capable of distinguishing the 
nature of atoms in a molecular graph, were then 
used36 in the correlation analysis. Valence 
connectivity indices were computed using the POLLY 
software3

? The indices were calculated for cupferron 
acid instead of the ammonium salt and every atom of 

Table 2- Separation efficiencies of substituted cupferrons 

No Substituent (R) Separation efficiency (Es) 
Exptl Predict-I a Predict-2b Predict-3C 

H 27.10 30.84 24.51 28.49 

2 4-Methyl 36.30 34.11 33.40 33.86 

3 3-Methyl 36.40 33.78 28.65 27.90 

4 4-Ethyl 30.60 35.85 35.81 35.35 

5 4-Propyl 33.40 39.22 38.23 37.29 

6 4-Isopropyl 37.40 37.20 38.39 37.18 

7 4-Tert.butyl 37.30 38.32 41.80 39.49 

8 4-Pentyl 42.50 44.86 43 .98 43.00 

9 4-Heptyl 52.30 51.62 49.60 49.21 

10 4-0ctyl 51.70 54.81 53.11 53.15 

II 4-Nonyl 58.70 58.00 56.38 56.78 

12 4-Fluoro 43 .50 * 40.97 41 .89 

13 3-Fluoro 36.30 31 .33 36.33 36.12 

14 4-Chloro 47 .10 * 42.88 43.65 

15 3-Chloro 31.10 34.29 38.24 37.87 

16 4-Bromo 44.20 38.32 44.77 45.40 

17 4-Methoxy 42.50 * 39.17 38.73 

18 3-Methoxy 32.90 33.98 35.67 34.19 

19 2,6-Dimethyl 32.50 36. 15 37.49 36.48 

20 3,5-Dimethyl 40.70 34.72 40.07 39.47 

21 2,4,6-Trimethy I 44.80 * 44.01 42.62 

22 4-Phenyl 52.40 46.39 48.25 53.58 

*data removed from the model as outliers 
avalues predicted using equation (8) 
bvalues predicted using equation (9) 
cval ues predicted using equation (10) 
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Fig. 2 - Plot of separation efficiencies of alkyl cupferrons 
against W 

the chelating group was considered while computing 
the indices. Stepwise regression analysis of the data 
identified 5XV as the best parameter and it could 
account for 60% of the data variability . The four 
compounds namely, p-fluoro-, p-chloro-, p-methoxy
and 2,4,6-trimethyl-cupferrons were identified as 
outliers by usi ng a modified jack-knifing procedure38

. 

Deletion of the outliers improved the fit significantly 
and stepwise regression at this point yielded three 
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equations containing one to three independent 
parameters. All the three regression equations had 
correlation coefficient r > 0.9. The single-parameter 
equation with 5Xv as the structural property had the 
highest F-score and was taken as the best regression 
equation constructed with valence connectIvIty 
indices. The regression model is given in Eq. (8) and 
the details of statistical analysis, number of data (n), 
correlation coefficient (r) , standard error of the 
estimate (SEE) and Fisher score (F) are given below 
the equation. This format of furnishing the details of 
regression analysis is followed in the article. 

Es = 25.523eXV
) + 22.014 ... (8) 

n = 18, r =0.908, SEE = 3.85, F = 75.44 

Separation efficiencies calculated using the above 
regression equation are given in Table 2 as Predict-l. 
It was quite gratifying to observe that separation 
efficiencies of flotation collectors are amenable to 
QSAR modelling. However, the complete list of 
compounds could not be included. This might be due 
to certain structural details that were not encoded by 
the valence connectivity indices. 

Development oj a computer program to calculate 
topological indices 

At this juncture of the research, the interest was to 
explore and find sets of molecular descriptors that 
could encode the structural variations of the collector 
molecules almost completely . The preliminary results 
also indicated that topological indices were the good 
starting point. To develop Structure-Activity 
(flotation) relationship models using topological 
indices, a computer program capable of computing 
most of the commonly used indices is one of the basic 
requirements. Instead of going for any of the 
commercially available packages it was decided to 
develop a computer program that could satisfy our 
need of computing the important topological indices 
to realize certain targets within a time frame. A 
computer program, INDCAL was developed by our 
research group39 to calculate 140 topological indices. 
INDCAL calculates the topological indices for a 
molecular structure from its SMILES code40Al given 
as the line input. The indices that can be computed 
using INDCAL are given in Table 3 with their 
definitions and symbols. The program was evaluated 
by comparing the indices computed using INDCAL 
and POLLY for a few compounds, with the large list 
of Tis for alkanes and alkylbenzenes listed in the 

monograph by Hall and Kier34 and also with the 
values reported for different classes of compounds in 
literature. No discrepancy was observed in the 
numerical values of the topological indices computed 
by INDCAL. 

Structure-activity modeling using principal 
components extractedJrom TIs 

There are over 300 topological indices and several 
more are being added to the list. Inclusion of too 
many independent parameters may lead to chance 
correlation. It is also known that inclusion of number 
descriptors in a regression equation increases the fit 
but there will be a substantial decrease in the 
predictive ability of the model developed. It is 
necessary to select a set of descriptors that leads to a 
model with good predictability instead of resorting 
into indiscriminate use of all possible descriptors. We 
used Principal Component Analysis (PCA) for data 
reduction due to its simplicity in approach and easy 
interpretation of results. A brief outline of PCA is 
given below: 

The first step in PCA is to create a correlation 
matrix or matrix of variance from the basic data 
matrix. The data matrix is an m x n matrix where the 
columns of the matrix represent the variables and its 
rows represent the samples or tests. The matrix is 
described by a characteristic polY:1Omial equation. 
The principal components or the factors of this matrix 
are then determined by computing the characteristic 
roots of the polynomial. A new matrix is generated in 
this procedure. The characteristic roots of the 
polynomial are known as eigenvalues that are a set of 
positive quantities. The eigenvalues themselves are 
known as factor loadings. The sum of the squared 
factor loadings of all features is equal to the 
eigenvalue of each individual factor. There is an equal 
number of associated orthogonal vectors called 
eigenvectors. The factors or principal components are 
computed in such a way that the first factor describes 
the largest part of the data variability, the second 
factor is orthogonal to the first and describes the 
largest part of the variability left over by the former 
factor, and so on. Usually principal components with 
eigenvalues equal to or greater than one are retained 
or extracted. Principal component analysis therefore 
represents the original data in a subspace of lower 
dimension that has the majority of the information 
contained within the original data. 

Topological indices listed in Table 3 were 
computed42 for the cupferron-derivatives uSll1g 
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Table 3-Symbols & definitions of Topological Indices (TIs) calculated by INDCAL 

Information index for the magnitudes of distances between all possible pairs of vertices of a graph. 

Mean information index for the magnitude of distance. 

Wiener index = half-sum of the off-diagonal elements of the distance matrix of a graph. 

Harary index = half-sum of reciprocal square of the elements of the distance matrix of a graph. 

Balaban index = sum of the reciprocal square root of degree of all adjacent pairs. 

Information content of the distance matrix. 

Information content of the distance matrix partitioned by frequency of occurrences of distance h. 

Order of neighborhood when IC, reaches its maximum value for the hydrogen-filled graph. 

A Zagreb group parameter = sum of square of degree over all vertices. 

A Zagreb group parameter = sum of cross-product of degrees over all neighboring (connected) vertices. M2 

Path connectivity index of order h = 0-6. 

Cluster connectivity index of order h = 3-6. 

Chain connecti vity index of order h = 3-6. 

Path-cluster connectivity index of order h = 4-6. 

N umber of paths of length h =0-10. 

Information content or complex ity of the hydrogen-suppressed graph at its maximum ne ighborhood of vertices. 

Order of ne ighborhood when IC, reaches its maximum value for the hydrogen suppressed graph 

1335 

Mean information content or complexi ty of a graph based on the rth (r = 0-6) order neighborhood of vertices in a hydrogen
filled graph. 

Structural information content for rth (r = 0-6) order neighborhood of vertices in a hydrogen-fill ed graph . 

Complementary information content for rth (r = 0-6) order neighborhood of vertices in a hydrogen-filled graph . 

Total informat ion content for rth (r = 0-6) order neighborhood of vertices in a hydrogen-fi lled graph. 

Bond information content for rth (r = 0-6) order neighborhood of vertices in a hydrogen-fill ed graph. 

Mean information content or complexity of a graph based on the rth (r = 0-6) order neighborhood of vertices in a hydrogen
suppressed graph. 

Structural information content for rth (r = 0-6) order neighborhood of vertices in a hydrogen-suppressed graph. 

Complementary information content for rth (r = 0-6) ordrj neighborhood of vertices in a hydrogen-suppressed graph. 

Total in fo rmation content for rth (r = 0-6) order neighborhood of vertices in a hydrogen-suppressed graph. 

Bond information content for rth (r = 0-6) order ne ighborhood of vertices in a hydrogen-suppressed graph. 

Bond path connectivity index of order h = 0-6. 

Bond c luster connectivity index of order h = 3-6. 

Bond chain connectivity index of order h = 3-6. 

Bond path-cluster connecti vity index of order h = 4-6. 

Valence path connectivity index of order h = 0-6. 

Valence cluster connectivity index of order h = 3-6 

Valence chain connectivity index of order h = 3-6. 

Valence path-cluster connectivity index of order h = 4-6. 

INDCAL and POLLY. The topological indices were 
calculated for cupferron acid and not for the 
ammonium salt. The magnitudes of some of the 
calculated indices were several times greater than 
those of the other. PCA is affected by scaling factors 
hence a normalization procedure or a scaling 
technique is usually applied. The scaling procedure 
introduced by Basak43 was used and according to it 
the indices were transformed by the natural logarithm 
of the index plus one (loge(TI + 1)). The data matrix 
thus obtained was subjected to data reduction using 
the Principal Component Analysis. The software 

package SPSS 10.0 for windows44 was used to 
perform PCA and all other statistical analyses . 

The first seven principal components (PCs) were 
extracted because they had eigenvalues greater than or 
equal to one. The seven PCs account for 98.6% of the 
data variance and the first two PCs themselves 
account for 79.6% of the variance. The eigenvalues 
and percent variance of the principal components are 
given in Table 4. The principal components were 
correlated with the individual topological indices. The 
ten most highly correlated indices are given in 
Table 5. The PCI was in high correlation, primarily to 
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the path numbers and the connectIvIty indices. In 
addition to these the distance-based indices such as 

w -w W, I D, I D were also correlated with the PC l . The 
second PC represented molecular neighbourhood 
symmetry and was highly correlated to BIC6, BIC5, 

HsSIC4, HsSICs, HsSIC6, BIC4, SIC6, etc. The PC3 

correlated to the same type of indices as the PC2 but 
of lower order calculated for the hydrogen-suppressed 
graphs. The PC4 was predominantly correlated . to 
cluster and path-cluster terms. In other words, PC l 

encodes the general size and shape of the molecules, 
PC2 represents neighbourhood complexity especially 
to higher order complexity indices, PC3 represents 
neighbourhood complexity of hydrogen-suppressed 

Table 4---Summary of Principal Component Analysis (PCA) 

PC Eigen values Percent of variance Cumulative percent 

PCA for cupferron-derivatives 

I 77.74 55.14 55.14 

2 34.50 24.46 79.60 

3 13.72 9.73 89.33 

4 5.82 4.13 93.46 

5 3.62 2.57 96.03 

6 2.30 1.63 97.66 

7 1.35 0.96 98.62 

PCA for mercaptobenzothiozoles 

102.71 77.23 77.23 

2 16.89 12.70 89.93 

3 6.62 4.98 94.91 

4 2.70 2.03 96.94 

5 2.32 1.74 98.68 

PCA for o-aminothiophenols 

I 99.04 77.37 77.37 

2 16.57 12 .95 90.32 

3 8.46 6.61 36.93 

4 1.96 1.54 98.47 

5 1.31 1.02 99.49 

graphs, PC4 encodes branching pattern in the 
molecules (both in the alkyl chain and in the benzene 
ring). This trend was analogous to that reported by 
Basak and coworkers43

.45 in their study for a diverse 
class of 3692 compounds. In their work, 
neighbourhood complexity indices for hydrogen
suppressed graphs were not included. 

Regression models were constructed by stepwise 
regression routine using the seven principal 
component scores as the independent parameters. The 
results of regression analyses are given in Table 6. 
The two-parameter model that contains PC l and PC7 

accounts for 79.1 % of variance. The equation is : 

Es = (40.691 ± 1.779) + (5.662 ± 1.758) PC l 

+ (4.228 ± 1.749) PC7 

n = 22; r = 0.889; SEE = 3.98; F = 35.92 
... (9) 

The three-parameter model accounts for 83.4% of the 
variance and there the SEE had decreased from 4.952 
to 3.647. The regression model is given below in 
Eq. (10). 

Es = (40.587 ± 1.639) + (5.608 ± 1.617) PC l + 
(4.249 ± 1.649) PC7 - (1.678 ± 1.635) PC3 .•. (10) 

n = 22; r = 0.913; SEE = 3.65; F = 30.10 

In both the models SEE is below allowed 
experimental error. The Separation Efficiencies (Es) 
calculated using the two regression equations are 
given in Table 2 as Predict-2 and Predict-3, along 
with the experimental values. The two regression 
equations given above were able to model the 
separation efficiencies of all the data points, unlike 
Eq. (I) where four of the data were deleted as outliers. 
This indicates that principal components are more 

Table 5--CorreIation coefficients of variables (10 most highly correlated) with the PCs 

PCI PC2 PC3 PC4 PC5 PC6 PC7 

Tl TI TI TI r TI TI r TI R 

Po .996 BlC6 .969 HslC I .909 6
Xpc .542 lC2 .440 6Xpc .349 lCo .388 

IW
D .995 BlC5 .968 HsICo .891 4

Xpc .472 7
X .420 P4 .311 SICo .316 

PI .994 HsSIC4 .942 HsBICI .878 5Xpc .460 P7 .403 6Xbpc .304 BICo .303 

H .993 HsSlC5 .942 HsSlCI .800 6Xbpc .455 6x.ch .394 4X .275 lCI .286 

Ox .993 HsSIC6 .925 HsBlCo .741 5x.c .428 6X"ch .370 5Xpc .266 SICI .248 

IX .991 BIC4 .923 HsBlC2 .670 6
X

v
Ch .420 6

X
b
ch .370 P9 .246 BICI .228 

I W
D .990 SIC6 .908 IC2 .665 6

X
b
ch .420 IC3 .313 lC2 .240 6

X
b .159 

W .988 SIC5 .902 HsSICo .646 3x.c .414 P6 .297 5Xbpc .217 6
X .154 

3
X

b .984 HsSIC3 .895 HsIC2 .581 4lpc .408 BIC2 .280 P5 .212 6
X

v .141 

MI .984 HsBIC4 .892 HsTICo .546 6
X

v
pc .391 SlC2 .257 4l .186 5

X
V .133 
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Table 6--Results of regression analysis using principal components 

No. PC included R R2 Adjusted R2 SEE F 

Cupferron-derivatives (n = 22) 

I PC I 0.713 0.509 0.485 5.95 20.74 

2 PC" PC? 0.889 0.791 0.769 3.98 35.92 

3 PC" PC? PC3 0.913 0.834 0.806 3.65 30.10 

Mercaptobenzothiozoles (n = 15) 

PC I 0.710 0.504 0.465 17.14 13.18 

2 PC" PC2 0.942 0.887 0.868 8.52 46.96 

3 PC I • PC2. PC4 0.971 0.942 0.927 6.35 59.85 

Mercaptobenzothiozoles (n = 14 ; after deleting 6-hexoxyMBT) 

I PC I 0.732 0.536 0.497 16.82 13.84 

2 PC I • PC2 0.962 0.926 0.913 7.01 68.90 

3 PC" PC2. PC4 0.985 0.970 0.961 4.69 107.42 

o-Aminothiophenols (n = 9) 

PC I 0.681 

2 PC" PC3 0.926 

comprehensive in encoding the structural peculiarities 
of the collector molecules. They function better as 
molecular descriptors for cupferrons than any 
individual type of Tis . 

Inclusion of an electronic parameter in QSAR models 
Molecular topology of a collector appears to play 

the major role as it indirectly measures the area 
covered by the collector when it chelates to the metal 
atom in the mineral lattice. However, the separation 
efficiency must be a cumulative effect and should 
partly depend on the chelating ability . The 
contribution of electronic effect in increasing or 
decreasing the separation efficiencies of cupferrons 
would be revealed by an improvement in the fit when 
an electronic parameter is included into the regression 
models. We used Hammett () values calculated 
according to Perrin et al. 46 When the calculated () 
values were used in addition to the PCs in Eq. (10) the 
correlation coefficient improved from 0 .913 to 0.922 
and the SEE decreased to 3.56, the lowest value 
obtained thus far (see Eqs 8-\ 0) 

Inclusion. of quantum mechanical parameters 1I1 

model building 
It may be noted that the substituent constant () 

cannot be used in situations where proximity effects 
such as H-bonding and steric inhibition or steric 
enhancement is operational. For example in the case 
of o-aminothiophenols, both the chelating atoms are 
attached to the benzene ring and the use of substituent 
constants was impossible. In order to arrive at some 
generalized approach for further studies inclusion of 

0.463 0.387 17.84 6.04 

0.857 0.809 9.96 17.93 

quantum mechanically derived charges in regression 
analysis was tested. Quantum mechanically derived 
electronic charges on the chelating atoms were 
considered as good alternatives to () because they 
closely reveal the chelating ability of the collector and 
are calculated for an optimized geometry of the 
molecule under investigation. Energy of the Highest 
Occupied Molecular Orbital (EHOMO) , Energy of the 
Lowest Occupied Molecular Orbital (EWMO) and 
Core-Core Repulsion Energy (ECCRd are other 
quantum mechanical parameters commonly used7 in 
QSARlQSPR modeling. 

Mulliken charges on the two chelating oxygen 
atoms, (-o--N(N=O)-) were calculated using MOPAC 
6.0047

. The geometries of all the molecules were 
opti mized without any constraint in the potential 
energy surface and Mulliken population analysis was 
performed. Potential derived charges were calculated 
based on Merz-Kollman-Singh scheme using 
Gaussian 94W48 on the AMI geometry. MOPAC 
2002 version 1.33 CAChe49 was used to calculate 
EHOMO , EWMO, and ECCR£ for cupferron acids as well 
as the ions using the PM3 Hamiltonian. ECCR£ values 
were 1000 fold higher than the other quantum 
mechanical parameters used here. Hence, logarithmic 
values of core-core repulsion energies were used in 
regression analysis. 

Mulliken charges and potential derived charges on 
the two oxygen atoms of the substituted-cupferrons 
were used in the place of Hammett substituent 
constants. Inclusion of either Mulliken charges or the 
potential derived charges on the chelating atoms as 
e lectronic parameters did not improve the correlation 
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coefficient significantly. The best correlation after 
including the electronic charge on the chelating atoms 
was obtained when the Mulliken charge on the 
oxygen of -ONH4 group was used as an independent 
parameter along with the three PCs in Eq. (8) . The 
correlation coefficient for the four-parameter equation 
was 0.929 with SEE 3.42 and F-score 26.587. 
Inclusion of EHOMO, EWMO or natural logarithm of 
ECC'RE did not improve the fit. These results indicate 
that the principal components based on topological 
indices are good enough to be used as independent 
parameters in forming ,Structure Activity (flotation) 
Relati onships (SAR) and the quantum mechanically 
derived electronic charges on the chelating atoms or 
the other parameters such as EHOMO, EWMO are not 
essential as long as one deals with congeners. 

Extension of the peA-approach to other collectors 
The confidence in predicting separation efficiencies 

of flotation collectors using molecular descriptors 
grew with the reasonably good predictive ability of 
the regression models discussed above. The above 
approach to form SAR model using principal 
components was extended for two more series of 
collectors reported by Marabini and coworkers?6 This 
was like validation of the methodology and testing its 
applicability to other series of collectors. 
Mercaptobenzothiozoles (MBT) and 
aminothiophenols (A TP) were tested to float a lead 
ore and a zinc ore, respectively. The structures and 
separation efficiencies of MBT and A TP collectors 
are given in Table 7. PCA was carried out for each 
series, following the procedure explained for 
cupferron-derivatives. The summary of PCA for both 
the ATP and MBT collectors are given in Table 4. 
Five PCs were found to explain nearly 99% of the 
variance in each series. 

Results of step-wise iinear regression analyses 
using the five PCs are given in Table 6. In the case of 
MBT collectors three regression models (Table 6) 
were arrived by performing stepwise regression using 
the PCs. The one with PC" PC2 and PC4 was found to 
have the best predictive ability. The equation is given 
below: 

Es = (57.70 ± 3.62) + (16.64 ± 3.75) PCI 
-(15.40 ± 3.75) PC2 - (5.53 ± 3.75) PC4 .. . (11) 

n = 15; r = 0.971; SEE = 6.35; F = 59.85 

Separation efficiency predicted using Eq. (II) was 
found to have residual greater than two times the 

standard deviation for 6-hexoxymercatobenzothiozole 
(compound # 6 in Table 6). Hence, multiple 
regression analysis was repeated after excluding this 
datum. There was significant improvement in the fit 
in all the three models and the case of the three
parameter equation correlations coefficient increased 
to 0.985 and F-score almost doubled from 59.85 to 
107.42. The revised regression equation for the 14 
data points is: 

Es = (56.54 ± 2.81) + (15.30 ± 2.94) PCI 
-(15.80 ± 2.93) PC2 - (4.85 ± 2.83) PC4 ... (12.) 

n = 14; r = 0.985; SEE = 4.69; F = 107.42 

A two-parameter equation with a correlation 
coefficient of 0.926 was obtained for ATP. The 
equation is given below and the separation 
efficiencies calculated using Eq. (13) are given in 
Table 7: 

Table 7-Structures of mercaptobenzothiozoles and 0-

aminothiophenols and their separation efficiencies (Es) 

No. Substituent (R) ~ation efficiency (Es) 
Exp. Predicted 

Mercaptobenzothiozoles 
I 6-Methoxy 63.6 71.2 

2 6-Ethoxy 67.7 73.3 

3 6-propoxy 75.7 76.5 

4 6-Butoxy 76.6 71.6 

5 6-Pentoxy 73.1 67 .9 

6 6-Hexoxy 76.6 * 

7 6-Methyl 73.7 68 .5 

8 6-Ethyl 72.1 70.7 

9 6-Propyl 73 .7 7 1.0 

10 o-hexyl 53.6 56.3 

II 5-Butoxy 67 .3 71.6 

12 7-Hexoxy 43.2 44.4 

13 2-Mercaptobenzo-I.3-thiazole 23 .5 2 1.9 

14 2-Mercatobenzodiazole 12.8 15.6 

15 2-Mercaptobenzoxazole 12.3 10.5 

o-Aminothiophenols 

I 5-Methoxy 14.7 7.0 

2 5-Ethoxy 9.3 23.2 

3 5-Propoxy 47 .8 36.3 

4 5-Butoxty 45 .1 47.4 

5 5-Pentoxy 68.7 56.4 

6 5-Hexoxy 70.1 61.9 

7 5-Methyl 9. 1 11.4 

8 5-Hexyl 46.4 57.7 

9 6-Hexoxy 20.1 20.0 

*Not included in the regression model 
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Es = (35.70 ± 10.12) + (15 .50 ± 8.61) PC, 
-(14.29 ± 8.41) PC3 

n -= 9; r = 0.926; SEE = 9.96; F = 17.93 
... (13) 

The progressive increase in SEE from 3.65 to 4.69 
to 9.96 reflected in the cases given by Eqs (9)-(13) 
has been discussed later. Inclusion of any of the 
quantum mechanical parameters listed earlier, did not 
improve the fit for either MBT or ATP. One of the 
main reasons for this trend is , all the three series 
considered have variations only in their molecular 
topology and the variation in electronic effects is 
negligible. Under these circumstances, TIs are the 
best descriptors and the terminology topological 
indices used to denote them stand verified. 

Comparison of structure-flotation models with 
property-flotation models 

The QSAR developed above were compared with 
the Quantitative Property-Flotation Relations 
developed5o using property parameters namely, 
octanol-water partition coefficient (logP) and soil
water par.tition coefficient (logKoc). These two 
partition coefficients were taken as the measure of 
hydrophobicity of the collectors. Regression equation 
with correlation coefficient 2 0.9 was formed by 10gP 
or 10gKoc only when five of the data points were 
deleted. In order to form a generalized equation that 
could include all the data points, electronic 
parameters and a Boolean type indicative parameter 
were to be included in the regression equation. The 
equation is given below: 

Es= 13 .04(±2.16)logKoc+ 1669 .56(±682.03)MchargeO, 
+ 18.72(±9.l2)cr + 17.60(±4.11)IP 
-1066.88(±438.85) ... (14) 

n = 22; r = 0.963 , SEE = 2.50; F = 53.61 

where IP = indicative parameter; 
MchargeO, = Mulliken charge on oxygen of -OH 

group in cuferron acids 
Though Eq. 14 has a higher predictive ability, it 

contains an indicative parameter which could not 
encode any property and was added to off set the 
deviation of a few members. In our opinion the 
regression equations constructed with TIs are better 
than that with 10gKoc. [n the case of aminothiophenols 
and meracptobenzothizoles indicative parameters 
were required to model their separation efficiencies 
with a property parameter and an electronic 
parameter. The regression equations formed for these 

two series of collectors with PCs and discussed in the 
previous section, are therefore superior to the 
property-flotation equations such as Eq. (14). 

SAR modeling of flotation efficiencies of 
arylhydroxamic acids 

Recently we synthesized arylhydroxamic acids 
(Fig. 3) and tested5

' them to float a Canadian copper
zinc ore. The separation efficiencies are listed in 
Table 8. Perusal of the Es reveals that there is no 
linear variation. Second order polynomial curve 
fitting was triedS2 using a reduced number of TIs, 
mainly connectivity terms, 10gP, 10gKoc and for the 
first time we included geometrical parameters such as 
solvent excluded volume, and solvent accessible 
surface area53

.
54 in QSAR modeling of flotation 

collectors. The physicochemical properties were 
computed using the Toolkit for calculating 
physicochemical properties55

, and Chern Office Ultra 
200256 was used to compute the geometrical 
parameters. Three compounds were identified as 
outliers and results of second order polynomial fit 
with r > 0.8 are listed in Table 9. The regression 
model obtained on using log Koc is given in Eq. 15 : 

Es= 198.26(logKoJ -36.03(logKoc)2-215.41 
n = 14; r = 0.928; SEE = 4.95; F = 71.31 

... (15) 

The regression models obtained with TIs are 
reasonably good. The data set was divided into two 
subsets namely N-aryl-C-aryl (data 1-10; n = 10) and 
N-aryl-C-alkyl (data 11-17; n = 7), based on their 
substitutions pattern. The results of second order 
polynomial fit for the two individual sets after 
deleting the outliers is given in Table 9. The 
regression equations of the best fit are given below: 

For N-aryl- C-aryl compounds: 

Es = 64.86 ('XV) - 7.39('XV)2 -79.17 ... (16) 
n = 8; r2 = 0.933 ; SEE = 4.14; F = 49.92 

The other equation with similar regression statistics 
that contains 10gKoc is : 

OH 

I 
R' r(YNyR 
-V 0 

Fig. 3-Structure of arylhydroxamic acid (Table 8 gives the 
details of Rand R I) 
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Table 8- Arylhydroxamic acids and their separation efficiencies Es = 193.11 logK"c-35.85 (IogKoc)2_20 1.24 
n = 8; r2 = 0.932 ; SEE = 4.14; F = 49 .50 

... (17) 
S. No. Substituents Es 

I 

2 

3 

4 

5 

6 

7 

8 

9 

10 

II 

12 

13 

14 

15 

16 

17 

R 

Phenyl 

Phenyl 

Pheny l 

Phenyl 

Phenyl 

Phenyl 

Phenyl 

Phenyl 

Phenyl 

Phenyl 

Methyl 

Propyl 

Pentyl 

Heptyl 

Nonyl 

Undecyl 

Propyl 

H 

4-Methyl 

4-Ethyl 

4-Propyl 

4-i-Propyl 

4-Butyl 

4-t-Butyl 

4-Methoxy 

4-Fluoro 

2.6-Dimethyl 

H 

H 

H 

H 

H 
H 

2.6-Dimethyl 

29.0 

60.7 

63.4 

28.7 

37.0 

15.9 

32.4 

56.7 

57.4 

46.1 

20.1 

59.9 

56.9 

38.7 

14.0 

7.9 

54.4 

For N-aryl-C-alkyl compounds 

Es=3079.68 logVex -298.23 (IogVex)2-7890.99 .. , (18) 
n = 8; r2 = 0.987; SEE = 2.88; F = 116.62 

Comparison of the experimental Es and the values 
predicted from the best regression models are given in 
Fig. 4 (for combined data set) and Fig. 5 (for 
individual datasets). Though the best models are not 
exclusive to TIs they are found to give god fit (r > 
0.9) for the combined as well as the individual sets. 
We reiterate the point that they are the good starting 
point in model building because of their fundamental 
nature and the simplicity of computation. 

The question that may come to a reader's mind at 
this point is that why the Es data for hydroxamic acids 
conform to a quadratic fit as opposed to the linear fit 

Table 9-Results of regression analyses for ary lhydroxamic acids (complete data set and the subsets) 

Type of Parameter Parameter r2 Adj.r2 SEE F 
Complete data set (data # 1.3 & 16 are deleted; II = 14) 

LogW 0.891 0.871 
Log(lIVD) 0.872 0.849 

TSI 

Ix" 0.895 0.876 
Il 0.879 0.857 

TCI 

LogVe: 0.909 0.893 
Log(MSA)* 0.890 0.870 

Geometrical 

LogKoc 0.928 0 .915 
Clog? 0.834 0.804 

Physicochemical 

For the subset N-aryl-C-aryl (after ueleting data # I & 3; II = 8) 
TSI LogW 0.896 0.879 

Log(Iw D) 0.892 0.874 
TCI Ix" 0.952 0.933 

5X' 0.915 0.881 
Geometrical Log(MSA) 0.864 0.842 

Log(SAA)§ 0.861 0.838 
Physicochemical LogKoc 0.952 0.933 

Clog? 0.834 0 .804 
For the subset N-aryl-C-alkyl (after deleting data # 16; 11 = 6) 
TSI JW D 0.980 0.966 

leD 0.969 0.948 
TCI 5l 0.936 0.897 

Ix" 0.932 0.867 
Geometrical Log Vex 0.987 0.979 

Log(MSA) 0.976 0.960 
Log(SAA) 0.970 0.949 

Physicochemical Clog? 0.961 0.933 
LogKoc 0.929 0.882 

6.11 
6.60 
5.99 
6.43 
5.57 
6 .14 
4.95 
7.53 

5.57 
5.68 
4. 14 
5.5 1 
6.38 
6.45 
4.14 
7.53 

3.64 
4.52 
6.34 
6.66 
2.88 
3.94 
4.46 
5. 11 
6.80 

44.82 
37.62 
46.89 
39.98 
55.07 
44.35 
71.31 
27.66 

51.93 
49.63 
49.92 
27.00 
38.16 
37. 15 
49.50 
27.66 

72.10 
46.46 
22.84 
20.59 
116.62 
61.58 
47.74 
36.06 
19.62 

Refer Table 3 for the definitions of the topological indices such as W, Ix". 5l etc. 
CLog? = octanol-water partition coefficient; LogKoc =soil-water partition coefficient; TSI = topostructural indices. TCI = Topocherrucal 
indices; I Vex = solvent excl uded volume; • MSA = molecular surface area; § SAA = solvent accessible surface area 
LogKOI.' was calcul ated using the computer program Toolkit to compute physicochemical properties of organic compounds 
Topological indices were calculated usi ng INDCAL 
ChemOffice Ultra 2002 was used to calculate the other properties and the geometries of the molecules were optimized before calculating 
the geometrical properties 
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in the other cases described earlier. One possible 
reason could be the extent of steric crowding near the 
chelating group in the collector with bulky 
substituents. When such a collector forms a chelate 
with a mineral site on an ore particle, the chelate 
formation on the adjacent sites is hindered and, 
consequently the hydrophobic association is 
decreased . This is detrimental to flotation and affects 
the separation efficiency. The steric hindrance near 
the mineral site for the four series of collectors 
according to the positIOn of substituents is 
schematically represented in Fig. 6. It is explicit that 
the decreasing order of steric hindrance is hydroxamic 
acids> aminothiophenols > mercaptobenzothizoles > 
cupferrons. In the case of cupferrons the bulky alkyl 
substituents were far away from the mineral site 
hence there was no chance of reaching a maxima and 
the only limiting factor was the solubility when the 
alkyl groups were bigger than nony!. Tn the case of 
A TP and MBT collectors, one should have obtained 
the results similar to hydroxamic acids provided more 
compounds that could bring out the effect were 
included in the study . In the case of A TP substitution 
at the positions adjacent to the amino or thiophenol 
groups, the steric factor would have been reflected but 
unfortunately the reported data set has only one such 
data namely 6-hexyloxy-2-aminothiophenol (data # 9 
for A TP in Table 7), same is the case with MBT. The 
positions and the compounds are shown in the 
illustrations in Fig. 6. 

Selection of structural analogues for synthesis and 
testing 

The QSAR models described above clearly indicate 
that separation efficiencies of flotation collectors are 

70 ~----------------------~ 

60 

~ 
50 6. 6. 

~ 40 ~ -g 
u 6. 
~ 30 6. 
<l. 

6. 
20 

6. 

10 
6. 

0 

0 20 40 60 80 

Experimental Es 

Fig. 4 - Comparison of predicted and experimental separation 
efficiencies of arylhydroxamic acids (complete data set) 

amenable to structure-activity approach and can be 
predicted with good degree of confidence using 
topological indices as molecular descriptors . This 
eventually means collectors with similar structure will 
have similar mineral collector properties and the 
similarity-based selection hitherto used in drug design 
can be used for selecting collectors from a virtual 
database. The similarity space constructed may be 
structure-based or property-based. Johnson et al. 56-58, 

showed that molecular similarity clustering was an 
efficient method in selection of compounds and 
prediction of biological and physicochemical 
properties and Lajiness60 found this method useful for 
the selection of a small number of compounds from a 
virtual library in the process of identification of new 
therapeutic agents. A comparison61 of different 
methods of constructing similarity spaces revealed 
that principal components derived from topological 
indices are efficient in clustering structurally similar 
compounds. Basak et al. 62, used this methodology for 
the selection of 25 psoralen derivatives from a large 
virtual library of 25,000 compounds, and other related 
applications of this methodology are compiled in their 
review 'o. 

The similarity space is an n-dimensional space, 
where n is the number of PCs extracted from Tis and 
the compounds are clustered based on their structural 
similarities encoded by the PCs. The clusters are 
formed around a center point, the centroid, and have a 
set radius based on the molecular density around the 
centroid. The number of clusters to which the 
chemicals are to be grouped is decided on the basis of 
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Fig. 5 - Comparison of predicted and experimental separation 
efficiencies of arylhydroxamic acids (for the two subsets). 
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Fig. 6--Schematic representation of steric hindrance near the mineral site (The hindrance increases from left to right for each class of 
collector and the overall increasing order of hindrance is, cupferrons < meracaptobenzothiozoles < o-aminothiophenols < arylhydroxa mic 
acids) . 
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Virtual database 
3792 structures 

Computation of Tis 

Initial data matrix 
94 x 3792 

Deletion of bad li st 
4>\' >6 

Final data matrix 
94 x 587 

PCA 

K-means clustering 

10 clusters 

DCS selection 

Fig. 7-Stcps in cluster analysi s 

the selection method. One or more compounds are 
selected from the clusters based on the distance from 
the cluster center. There are three methods for the 
selection of chemicals by cluster analysis. They are: 

(i) simple cluster-based selection (SCS); 
(ii) maximum dissimilarity-based selection (MDS); 

and 
(iii) dissimilar cluster selection (DeS) 

'" U 
a.. 

·3 

·4 

PCl 

Fig. 8 - Plot of PC I versus PC2 for the 587 hydroxamic acids 

Detail,> of these methods can be obtained from the 
review by Lajiness60 and the references quoted 
therein. 

We used the similarity-based62 dissimilar selection 
procedure to select 10 arylhydroxamic acids from a 
virtual database of 3792 compounds that included 
various possible structures with different substituents. 
The different statistical procedures are outlined in 
Fig. 7. This procedure differs from that used by Basak 
et at}' only in the inclusion of a trimming step. 
Though this is not a latent condition ion performing the 
routine, it was included based on the earlier results 
and it eliminated the 'bad list ' from the database. 
Seven principal components were extracted from 94 
TIs and the principal component scores were used to 
form 10 clusters by K-Means Cluster procedure. Fig. 8 
shows the cross plot of principal component scores 1 
and 2 and this is the two-dimensional structure space 
while the constructed one is 7 dimensional where the 
587 compounds ('good list') are grouped into 10 
clusters. The sizes of the clusters and the minimum 
and maximum distances from the centroid are given 
in Table 10 and the distances between the cluster 
centers are given in Table] 1. 

The structural similarity of the compounds in each 
of the ten clusters was so close to each other that no 
cluster was found to have mixed representation of the 
two broad classes of compounds, namely C-aryl-N
aryl and C-alkyl-N-aryl hydroxamic acids. All the C
aryl-N-aryl compounds were grouped into four 
clusters and the C-alkyl-N-aryl compounds were in 
the other six clusters. Similarity among the members 
of each cluster with respect to the nature or the type of 
substituents present in their molecules is given in 
Table] 2. The large number of hydroxamic acids was 
effectively classified into a few subsets of structurally 
dissimilar compounds and the members of each subset 
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Table to- Distances between final cluster centres 

Cluster I 2 3 4 

0.000 

2 3.381 0.000 

3 3.145 2.698 0.000 

4 2.356 3.027 3.323 0.000 

5 2.922 2.156 3.131 2.914 

6 2.315 2.417 2.917 1.550 

7 5.261 4.987 5.029 4.216 

8 3.631 3.340 3.598 3.231 

9 2.754 2.565 2.512 2.935 

to 4.064 3.660 3.563 2.983 

Table II-Cluster size and minimum and maximum di stances 
from the cluster center 

Cluster 
No. 

I 

2 

3 
4 

5 

6 

7 

8 
9 

10 

Cluster size 

56 

59 

54 

58 

56 

105 

9 

66 

88 
36 

Minimum 
distance 

0.895 

0.700 

0.601 

0.765 

0.952 

0.626 

0.284 

0.866 

0.724 

0.782 

Maximum 
Distance 

3.365 

2.508 

3.231 

2.700 

3.169 

2.557 

1.592 

2.963 

2.427 

3.063 

have structural similarity. Dissimilarity cluster 
selection (DCS) was followed to select ten 
compounds, one representative from each cluster, 
based on the distance from the centroid. Some of 
these compounds were synthesized and tested as 
mineral collectors. The results of the experiments 
could not be made public at this stage and will be 
made available in future. Our results show that the 
selection of structurally dissimilar compounds by 
similarity clustering had saved considerable time and 
chemicals, and it qualifies as a scientific tool to select 
structural analogs for mineral collectors that are more 
selective. 

Pradip et al. 64
.
65

, have used molecular modeling of 
mineral surfaces and collectors to study the 
interaction of a collector on a mineral surface. This 
has the limitation at present due to the non
availability of quantum mechanical parameters for 
transition metals . However, the list is appended 
periodically with the inclusion of parameters for more 
transition elements. Amalgamation of Marabini's 
approach in the choice of the chelating group, the 
dissimilarity selection procedure, the molecular 
modeling of the surfaces and the collector-mineral 

5 6 7 8 9 10 

0.000 

3.155 0.000 

4.931 4.319 0.000 

3.502 3.204 6.053 0.000 

3.113 2.642 4.626 3.252 0 .000 

3.763 3.766 5.726 4.189 3.300 0.000 

Table 12- Compari son of cluster members 

Cluster General class of T:tee o f GrouE(s) in 
# members C-alkyl/C-phenyl N-phenyl 

C-aryl-N-aryl Mono-substituted Mono-
substituted/H 

2 C-alkyl-N-aryl Branched alkyl Mixed 

3 C-alkyl-N-aryl Linear alkyl Meo/F 

4 C-aryl-N-aryl Heteroatom* Meo/Cl/F 

5 C-alkyl-N-aryl Iso* and neo± of Cs Alkyl 

6 C-aryl-N-aryl Meo Meo/F 

7 C-aryl-N-aryl N02 Meo 

8 C-alkyl-N-aryl Neo± ofC6 Heteroatom 

9 C-alkyl-N-aryl Linear alkyl Alkyl 

10 C-alkyl-N-aryl Linear alkyl Brn 

' heteroatom groups are F, CI, Br, I and OMe 
* an iso-structure is of the type -CC(C)C- (similar to isopropyl or 
isobutyl) 
±a neo-structure is of the type -CC(C)(C)C- (s imilar to 
neopentane) 

interaction are expected to form a plausible approach 
in facing the challenge of identifying new collectors . 
By suitable application of the 3M (Molecular 
Modeling in Mineral processing) methodology, 
scientists working in the synthesis of new class of 
collectors can leave the trivial trial-and-error methods 
behind and reach the take off stage on the runway laid 
by proven methods of drug research . 

Concluding remarks 
The SAR models discussed for flotation collectors 

differ from that in the other fields . Scientists working 
on QSAR modeling of physicochemical properties, 
biological activities and other related properties enjoy 
the freedom of working with large set of data that are 
highly reproducible. Due to the large number of 
experimental variables and heterogeneous nature of 
mineral samples, experimentally determined 
separation efficiencies in flotation are not highly 
reproducible and the experimental error is ±5%. 
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Though this is contradiction to the basic requirement 
of QSAR modeling the results show that separation 
efficiencies of mineral collectors are amenable to 
SAR approach and can be predicted within 
experimental en'or for congeners using topological 
indices molecular descriptors. The non-availability of 
a large database of experimental values is another 
handicap that prohibits an extensive QSAR modeling 
of chelating agents used as mineral collectors. The 
confidence gained with QSAR modeling has led to 
the use of a scientific tool for the selection of 
structurally dissimilar compounds from a similarity 
space of large database. The similarity space is 
constructed using principal components extracted 
from topological indices. A more extensive research 
in the area appears to add a new dimension to the 
applications of chemical graph theory. 
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