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Abstract—Predictive hologram quantitative structure activity relationship (HQSAR) models were developed for a series of aryl-
sulfonamide compounds acting as specific 5-HT6 antagonists. A training set containing 48 compounds served to establish the model.
The best HQSAR model was generated using atoms, bond, and connectivity as fragment distinction and 4–7 as fragment size
showing cross-validated r2ðq2Þ value of 0.702 and conventional r2 value of 0.971. The predictive ability of the model was validated by
an external test set of 20 compounds giving satisfactory predictive r2 value of 0.678. The efficiency of HQSAR approach was further
evidenced by the generation of predictive models for a training set containing 30 highly diverse, both specific and nonspecific 5-HT6

antagonists. The best HQSAR model for this training set was generated using atoms, bond, and connectivity as fragment distinction
and 4–7 as fragment size showing cross-validated r2ðq2Þ value of 0.693 and conventional r2 value of 0.923. This model was also
validated by using an external test set of 10 compounds giving satisfactory predictive r2 value of 0.692. The contribution maps
obtained from these models were used to explain the individual atomic contributions to the overall activity.
� 2004 Elsevier Ltd. All rights reserved.

1. Introduction

The 5-HT6 receptor is one of the most recent additions
to the 5-hydroxytryptamine super family of receptors
consisting of seven classes (5-HT1–5-HT7) that contain
totally 14 human subclasses.1 It was first isolated from
rat striatal mRNA2 in 1993 and subsequently the human
5-HT6 gene was cloned and characterized by Kohen
et al.3 in 1994. The 5-HT6 receptor is a seven trans-
membrane 440 amino acid polypeptide, which is posi-
tively coupled to the adenylate cyclase secondary
messenger system.4 Evaluation of the expression pattern
of the 5-HT6 receptor mRNA and protein revealed that
it is selectively expressed in the central nervous system,
exhibiting wide spread distribution throughout the
brain. This intriguing distribution in the brain, together
with its high affinity for a wide range of drugs used in
the psychiatry5;6 stimulated significant interest recently.

Most atypical antipsychotic drugs, which lack extra-
pyrimidal side effects, bind with very high affinity to the
5-HT6 receptor. In fact, the prototypic atypical anti-
psychotic agent clozapine, exhibits greater affinity for
the 5-HT6 receptor than for any other receptor subtype.
Initial in vivo experiments showed that administration
of antisense oligonucleotides (AOs), directed at 5-HT6

receptor mRNA, elicited a behavioral syndrome in rats
consisting of yawning, stretching, and chewing, which
could be dose dependently blocked by the muscarinic
antagonist atropine.7 This study implies that 5-HT6

receptors modulate cholinergic neurotransmission and
hence 5-HT6 receptor antagonists may be useful for the
treatment of memory dysfunction. In addition, treat-
ment with AOs significantly inhibited the increase in 5-
HT release from the prefrontal cortex produced by
conditioned fear stress, suggesting that 5-HT6 receptors
may be involved in certain anxiety disorders.8

As a part of ongoing work in our lab aimed at the dis-
covery of new 5-HT6 antagonists, we tried to generate
predictive QSAR models for different training sets
containing both structurally similar and diverse com-
pounds.
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Hologram QSAR9 is a modern QSAR technique devel-
oped from unity hashed fingerprint concept,10 which
employs specialized fragment finger prints as predictive
variables of biological activity. The premise of HQSAR
is that since the structure of a molecule is encoded within
its 2D fingerprint and that structure is the key deter-
minant of all molecular properties (including biological
activity), then it should be possible to predict the activity
from its fingerprint. This assumption is validated, to
some extent, by the high degree of success of 2D simi-
larity searching11 of chemical databases in which the
similarity measure is Tanimoto coefficient12 between
finger prints. HQSAR uses an extended form of finger-
print, known as a molecular hologram, which encodes
more information, for example, branched and cyclic
fragments as well as stereochemistry, than the tradi-
tional 2D fingerprint. The key difference, however, is
that a molecular hologram contains all possible mole-
cular fragments within a molecule, including overlap-
ping fragments, and maintains a count of the number of
times each fragment occurs. This process of incorpo-
rating information about each fragment, and each of its
constituent sub-fragments, implicitly encodes 3D struc-
tural information. Given biological activity data for
each of the compounds in a dataset, HQSAR involves a
partial least square analysis13 (PLS) of the molecular
holograms to derive a QSAR that can then be used to
predict the activity of molecules outside the training set.
HQSAR has several potential advantages over existing
methods for QSAR. It avoids not only the need for
molecular alignment and conformation specification
inherent in CoMFA14 and CoMSIA,15 but also the
selection and calculation or measurement of the physi-
cochemical descriptors required by classical QSAR. In
addition, HQSAR is sufficiently rapid in execution and
general in approach to enable analyses to be carried out
on large datasets, such as combinatorial libraries or
database subsets that are not amenable to analysis by
existing QSAR methods.

2. Materials and methods

2.1. Datasets

Two datasets were used for the analysis, one comprising
of structurally similar arylsulfonamide derivatives
(Dataset 1) acting as specific 5-HT6 antagonists
obtained from four various papers published by Bro-
midge and co-workers16 and another containing struc-
turally highly diverse, both specific and nonspecific
5-HT6 antagonists (Dataset 2) obtained from a review
published by Glennon.17 Dataset 1 contained about 68
compounds (Tables 1 and 2), 48 compounds of which
were used as training set and 20 compounds as test set
(Compounds shown in bold letters). Dataset 2 (Figs. 1
and 2) contained about 40 highly diverse compounds
including tricyclic antipsychotics like chlorpromazine 69
and loxapine 70, butyrophenones such as spiperone 71,
and haloperidol 72 and selective arylsulfonamide com-
pounds like 76, 77, and 78 etc. Total of 30 compounds

served as training set (Fig. 1) and remaining 10 com-
pounds were used as test set (Fig. 2). Sufficient care was
taken in the selection of test sets for both the datasets, so
that representatives of all compounds were included for
prediction. The main purpose of the Dataset 2 was to
test the success of HQSAR methodology in generating
predictive models when highly diverse training set is
used.

2.2. HQSAR analysis

HQSAR analysis involves three main steps: the gener-
ation of substructural fragments for each of the mole-
cules in the training set; the encoding of these fragments
in holograms; and correlation of the latter with the
available biological data. For this purpose we used the
novel molecular hologram representation devised by
Tripos associates as generated by the HQSAR pack-
age.18

The input molecule is broken into all possible structural
fragments (including branched, cyclic, and overlapping
fragments) containing user defined minimum (M) and
maximum (N ) number of atoms. The exact number and
nature of the fragments are determined by the values of
M and N . Each unique fragment in the dataset is
assigned a specific large integer by means of cyclic
redundancy check (CRC) algorithm. Each of these
integers corresponds to a bin in an integer array of fixed
length L (L is generally in the range 50–500). Bin occu-
pancies are incremented according to the fragments
generated. Thus, all generated fragments are hashed19

into array bins in the range 1 to L. This array is called
molecular hologram,20 and bin occupancies are the
descriptor variables. The use of hashing greatly reduces
the size of molecular hologram but leads to a pheno-
menon called ‘fragment collision’. During fragment
generation, identical fragments are always hashed to
same bin, and the corresponding occupancy for that bin
is incremented. However, as the hologram length is
generally smaller than the total number of unique
fragments, different unique fragments can hash to the
same bin causing ‘collision’ between fragments. In order
to reduce the probability of identical or similar fragment
collisions occurring, values of L are selected to be prime
numbers (default values of which are 53, 59, 61, 71, 83,
97, 151, 199, 257, 307, 353, and 401). Computation of
the molecular holograms for a dataset of structures
yields a data matrix of dimension R� L, where R is the
number of compounds in the training set and L is the
length of the molecular hologram. Standard PLS analy-
sis is then applied to identify a set of orthogonal
explanatory variables (components) that are linear
combinations of the original L variables. Leave one
out21 cross-validation is applied to determine the num-
ber of components that yield optimally predictive
model.

PLS models were selected from cross-validation results
on the basis of the first SECV (cross-validated standard
error)-minimum rather than the first q2 maximum, a
procedure that generally favors model parsimony and
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which can help prevent training set overfit.22 An alter-
native rule of the thumb, the ‘5% rule’, was also applied
wherein an additional LV (number of latent variables or
optimal number of components) is permitted only where
q2 rises by 5% or more. The automated HQSAR pro-
gram picks models on the basis of either the overall
SECV-minimum (or overall q2-maximum), a procedure
that can result in the selection of very large numbers of
LV leading to rise in q2 values but not test set predict-
ability. In order to limit the opportunities for chance
correlation and training set overfit, the maximum
number of LVs (LVmax) extracted was limited to R=4,
where R is the number of training set compounds.22 For
the final model, the QSAR analysis was redone with the
number of components set to the optimal number of

components identified through cross-validation and the
number of cross-validation groups set to zero. Once an
optimal model is identified, PLS yields a mathematical
equation that relates the molecular hologram bin values
to the corresponding biological activity of each com-
pound in the training set.

Activityi ¼ co þ RLcilxil ð1Þ

where xil is the occupancy value of the molecular holo-
gram of compound i at position or bin l, cil is the
coefficient for that bin derived from the PLS analysis, L
is the length of the hologram, Activityi is the biological
activity, and co is a constant.

Table 1. Structures and activities of the Dataset 116
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34 I 8.70

35 Cl Cl 9.20
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Cl
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37 Br Cl Cl 8.50
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Note. Activity data was obtained from four various papers published by Bromidge et al.16 Compounds in bold letters were used as test set.
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2.3. HQSAR contribution maps

The results of the HQSAR analysis is graphically dis-
played as a color-coded structure diagram in which the
color of each atom reflects the contribution of that atom
to the molecules overall activity. The colors at the red
end of the spectrum (red, red-orange, and orange) reflect
poor (or negative) contributions, while colors at the
green end (yellow, green-blue, and green) reflect favor-
able (positive) contributions. Atoms with intermediate
contributions are colored white.

2.4. Predictive r squared (r2pred)

To validate the derived HQSAR models, biological
activities of an external test set were predicted using
models derived from the training set. The predictive
ability of the models is expressed by predictive r2 value,
which is analogous to cross-validated r2ðq2Þ and is cal-
culated by using the formula

r2pred ¼
SD� PRESS

SD
ð2Þ

where SD is the sum of squared deviation between the
biological activities of the test set molecule and the mean

activity of the training set molecules and PRESS is the
sum of squared deviations between the observed and the
predicted activities of the test molecules.

3. Results and discussion

For both the training sets, the analyses were first per-
formed using the default fragment size of 4–7 for dif-
ferent combinations of fragment distinction parameters;
atom types (A), bond types (B), connectivity (C),
hydrogens (H), and chirality (Ch). The max number of
latent variables (LVmax) allowed was limited to 12 in case
of 48 compound training set (Dataset 1) and to 8 in case
of 30 compound training set (Dataset 2) to limit chance
correlation and training set overfit. The best hologram
length (default values 53, 59, 61, 71, 83, 97, 151, 199,
257, 307, 353, and 401) and optimum number of com-
ponents (LV) were selected based on the PLS analyses
that gave least cross-validated standard error SECV. The
analyses were then repeated with different fragment sizes
using the best fragment distinction obtained from pre-
vious step to check its influence on key statistical
parameters. Finally to get a more robust model and to
reduce the noise, the ‘5% rule’ was used and the model
with high q2 value and a lesser number of LV was se-
lected as best.

Table 2. Structures and activities of the Dataset 116
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Note. Activity data was obtained from four various papers published by Bromidge et al.16 Compounds in bold letters were used as test set.
aMethyl piperazine substituent is at C3 position.
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3.1. Model 1 (Dataset 1)

Total of 48 structurally similar arylsulfonamide com-
pounds acting as specific 5-HT6 antagonists served as
training set to establish the model. The best HQSAR
model for this dataset was generated using atoms, bond,
and connectivity as fragment distinction and 4–7 as
fragment size showing cross-validated r2ðq2Þ value of
0.702 and noncross-validated r2 value of 0.971 (Tables
3–5). The selected model was validated by an external
test set of 20 compounds (compounds shown as bold in
Tables 1 and 2) giving satisfactory predictive r2 value of
0.678. The observed versus predicted activities of both

training set and test set by this model were shown in
Table 8. All compounds of the test set were fairly pre-
dicted with residual values less than one log unit. Figure
3 shows the graph of observed versus predicted activities
of both training set and test set.

3.2. Model 2 (Dataset 2)

Total of 30 structurally highly diverse, both specific and
nonspecific 5-HT6 antagonists served as training set to
establish the model. The best HQSAR model for this
training set was generated using atoms, bond, and
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Figure 1. Structures and activities of Dataset 217 (training set).
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connectivity as fragment distinction and 4–7 as fragment
size showing cross-validated r2ðq2Þ value of 0.693 and
noncross-validated r2 value of 0.923 (Tables 6 and 7).

The selected model was validated by an external test set
of 10 compounds containing representatives of all
training set compounds (Fig. 2) giving satisfactory

S
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Figure 2. Structures and activities of Dataset 217 (test set).

Table 5. Model 1: Selection of best model with less number of LVs using ‘5% rule’

LV q2 SECV r2 SE Length Percentagea

10 0.746 0.369 0.983 0.095 59 2.7

9 0.726 0.377 0.979 0.105 59 3.4

8 0.702 0.389 0.971 0.121 59 5.1

7 0.668 0.405 0.966 0.130 59 20.5

6 0.554 0.463 0.955 0.148 59 ––

a Percentage raise in q2 value with additional LV or optimal number of components.

Table 3. Model 1: HQSAR analysis for various fragment distinction using default fragment size (4–7); (LVmax ¼ 12)

Fragment distinction q2 SECV r2 SE LV Length

A/B 0.370 0.551 0.943 0.166 6 257

A/B/C 0.746 0.369 0.983 0.095 10 59

A/B/H 0.582 0.472 0.975 0.114 10 199

A/B/C/H 0.506 0.528 0.986 0.088 12 353

A/C/D&A 0.140 0.629 0.669 0.390 4 61

A/C/Ch 0.505 0.514 0.977 0.111 10 61

A/B/Ch 0.392 0.548 0.952 0.154 7 401

A/B/C/H/Ch 0.486 0.531 0.980 0.105 11 83

q2–LOO cross-validated correlation coefficient, SECV––cross-validated standard error, r2––noncross-validated correlation coefficient, SE––noncross-

validated standard error, LV––latent variables or optimal number of components, length––hologram length. Fragment distinction: A––atom types,

B––bond types, C––connectivity, H––hydrogens, D&A––donor and acceptor, Ch––chirality.

Table 4. Model 1: HQSAR analysis for the influence of various fragment sizes using the best fragment distinction (A/B/C)

Fragment size q2 SECV r2 SE LV Length

2–5 0.551 0.477 0.919 0.203 8 71

3–6 0.410 0.547 0.967 0.129 8 199

4–7 0.746 0.369 0.983 0.095 10 59

5–8 0.277 0.583 0.925 0.188 5 151

6–9 0.295 0.576 0.869 0.249 5 61

7–10 0.334 0.596 0.985 0.089 10 151
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predictive r2 value of 0.692. The observed versus
predicted activities of both training set and test set by
this model were shown in Table 9. All compounds of the
test set were fairly predicted with residual values
less than one log unit. Figure 4 shows the graph of
observed versus predicted activities of both training set
and test set.

3.3. Contribution maps

Two predictive HQSAR models were generated; one
using specific 5-HT6 antagonists and another was using
both specific and nonspecific antagonists. The results of
which were graphically represented in the form of con-
tribution maps in which the color of each atom reflects
the contribution of that atom to the molecules overall
activity. For discussion point of view, we selected SB-
357134,16b which is present in both the datasets that is 12
in case of Dataset 1 and 84 in case of Dataset 2. Com-
pound SB-357134 is chemically N-(2,5-dibromo-3-fluoro-
phenyl)-4-methoxy-3-piperazin-1yl-benzenesulfonamide
acting as a potent, selective, brain penetrant, and orally

active 5-HT6 receptor antagonist showing over 200-fold
selectivity versus 72 other receptors and enzymes.23

Depending on the training sets used, the two models
gave two different contribution maps for SB-357134
(Figs. 5 and 6). Both maps gave some interesting details
about the individual contribution of the atoms in the
compound toward the overall activity. It is interesting to
see that in the contribution map of Model 2 (Fig. 6)
pharmacologically important group24 the basic nitrogen
moiety is colored yellow indicating its positive contri-
bution to the activity.

Further more sulfur and nitrogen of sulfonamide group,
which is the most common feature present in almost all
selective 5-HT6 antagonists

16;17;25 known until now were
also colored yellow in both the maps. But as the basic
nitrogen is almost invariant in the training set of the
Dataset 1, it is colored white in the contribution map of
Model 1 (Fig. 5). The contribution map of Model 1
shows the other nitrogen (secondary) as negatively
contributing atom and colored orange-red. Interestingly
the negative effect of activity due to the presence of
electronegative atoms like N and O at this position was

Table 6. Model 2: HQSAR analysis for various fragment distinctions using default fragment size (4–7); (LVmax ¼ 8)

Fragment distinction q2 SECV r2 SE LV Length

A/B 0.646 0.631 0.951 0.236 5 71

A/B/C 0.693 0.564 0.923 0.283 3 61

A/B/H 0.508 0.715 0.823 0.429 3 83

A/B/C/H 0.587 0.655 0.833 0.417 3 61

A/C/D&A 0.472 0.771 0.945 0.248 5 97

6 7 8 9 10
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10
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ed
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d 
ac

tiv
iti
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 (p

K
i)

Observed activities (pKi)

 Training set
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Figure 3. Plot of observed versus predictive activities of Dataset 1

using Model 1.

Table 7. Model 2: HQSAR analysis for the influence of various fragment sizes using the best fragment distinction (A/B/C)

Fragment size q2 SECV r2 SE LV Length

2–5 0.610 0.649 0.907 0.317 4 83

3–6 0.565 0.685 0.915 0.303 4 61

4–7 0.693 0.564 0.923 0.283 3 61

5–8 0.593 0.663 0.953 0.225 4 83

5–9 0.520 0.706 0.920 0.288 3 83

7–10 0.320 0.857 0.899 0.330 4 53

5 6 7 8 9 10

5
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9

10

Pr
ed

ic
te

d 
ac

tiv
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es
 (p

K
i)

Observed activities (pKi)

 Training set
 Test set

Figure 4. Plot of observed versus predictive activities of Dataset 2

using Model 2.
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also observed in N-arylsulfonylindoles acting as 5-HT6

antagonists.25 Table 10 shows a decreasing trend in
activity with the presence of more electronegative atoms
in case of N-arylsulfonylindole derivatives at the
position explained above. The other atom, which is
colored orange-red in the contribution map of Model 1
is fluorine atom at 3-position of the aromatic ring. The

Table 8. Observed versus predicted activities of Dataset 1 using Model

1

Compd Observed pKi Predicted pKi Residual

Training

1 8.00 8.366 )0.366
2 6.10 6.124 )0.024
3 8.30 8.316 )0.016
4 9.10 9.017 0.083

5 9.10 9.017 0.083

6 9.10 9.064 0.036

7 8.90 8.967 )0.067
12 8.50 8.412 0.088

13 8.80 8.701 0.099

14 8.90 8.766 0.134

15 8.90 8.835 0.065

16 9.00 8.879 0.121

17 8.90 9.142 )0.242
18 9.10 9.149 )0.049
19 8.40 8.397 0.003

20 7.60 7.538 0.062

21 8.60 8.458 0.142

22 6.80 6.853 )0.053
23 8.70 8.743 )0.043
24 8.30 8.312 )0.012
25 8.70 8.529 0.171

26 8.60 8.641 )0.041
27 8.70 8.828 )0.128
28 8.40 8.375 0.025

29 8.60 8.684 )0.084
30 8.60 8.384 0.216

31 7.50 7.608 )0.108
39 9.50 9.509 )0.009
40 8.40 8.487 )0.087
41 8.50 8.628 )0.128
42 9.10 8.994 0.106

43 8.80 8.784 0.016

48 7.60 7.567 0.033

49 9.20 9.259 )0.059
50 9.30 9.236 0.064

51 9.00 8.944 0.056

52 8.50 8.568 )0.068
53 8.40 8.375 0.025

54 8.70 8.757 )0.057
55 8.90 8.819 0.081

56 8.20 8.392 )0.192
57 9.00 8.939 0.061

58 8.70 8.660 0.040

62 8.70 8.807 )0.107
63 8.70 8.784 )0.084
64 7.10 6.973 0.127

65 8.90 8.775 0.125

66 8.60 8.637 )0.037

Test

8 8.90 8.952 )0.052
9 9.20 8.825 0.375

10 8.60 8.242 0.358

11 8.50 8.012 0.488

32 9.00 9.158 )0.158
33 9.30 8.991 0.309

34 8.70 8.772 )0.072
35 9.20 8.761 0.439

36 9.30 8.887 0.413

37 8.50 8.839 )0.339
38 8.50 8.035 0.465

44 8.40 9.197 )0.797
45 9.10 9.545 )0.445
46 9.50 9.250 0.250

Table 9. Observed versus predicted activities of Dataset 2 using Model

2

Compd Observed pKi Predicted pKi Residual

Training

69 8.398 8.076 0.322

70 7.824 7.972 )0.148
71 5.797 5.482 0.315

72 5.301 5.470 )0.169
73 8.398 8.372 0.026

74 9.398 9.621 )0.223
75 7.260 7.524 )0.264
76 7.921 7.554 0.367

77 6.699 7.257 )0.558
78 7.699 7.375 0.324

79 7.260 7.341 )0.081
80 7.301 7.616 )0.315
81 8.301 8.337 )0.036
82 8.638 8.639 0.001

83 9.000 8.747 0.253

84 8.523 8.540 )0.017
85 9.523 9.141 0.382

86 9.097 9.019 0.078

87 8.301 8.663 )0.362
88 7.745 7.411 0.334

89 7.481 7.787 )0.306
90 8.824 8.986 )0.162
91 8.102 8.002 0.100

92 8.509 8.352 0.157

93 8.699 8.716 )0.017
94 9.097 8.551 0.546

95 8.161 8.430 )0.269
96 7.921 8.172 )0.251
97 7.699 7.717 )0.018
98 8.886 8.889 0.003

Test

99 8.523 8.273 0.250

100 7.149 6.860 0.289

101 7.260 7.824 )0.564
102 9.222 8.926 0.296

103 9.155 8.303 0.852

104 9.046 8.767 0.279

105 8.187 7.999 0.188

106 6.775 7.588 )0.813
107 8.824 8.212 0.612

108 8.387 8.474 )0.087

Table 8 (continued)

Compd Observed pKi Predicted pKi Residual

47 8.90 8.238 0.662

59 8.80 8.689 0.111

60 8.70 8.193 0.507

61 8.10 8.665 )0.565
67 8.90 8.807 0.093

68 9.00 8.699 0.301
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activity data of this series of compounds (Table 1:
Structure II) clearly shows that the dihalide substitu-
tions at 2,5- or 3,5-positions or just monohalide substi-
tution at 3-position are preferred when compared to
2,3,5-trihalide substitution. This may be the reason
why the fluorine atom is colored orange-red in
SB-357134, which is a 2,3,5-trihalide substituted com-
pound.

Similarly contribution maps of other compounds also
gave some idea about individual contribution of atoms
to the overall activity. For example, the imidazole ring
of compound 2 was colored completely red indicating its
negative effect on the activity. Whereas 5-chloro-3-
methyl-benzothiophene ring of compounds 4, 5, 7, 8,
and 9 was colored yellow or green indicating its positive
contribution to the activity. The oxygen of the methoxy
group (Table 1: Structures I, II, and III) and nitrogen of
the quinoline ring system (Table 2: Structures IV and V)
both of which act as a hydrogen bond acceptor group
were colored white as they are invariant in the training
set. The information obtained from these contribution
maps can be used in further development of specific 5-
HT6 antagonists.

4. Conclusions

Predictive HQSAR models were developed for two
datasets acting as 5-HT6 antagonists. Both models were
validated by external test sets giving satisfactory Pre-
dictive r2 values. The contribution maps obtained from
these models were used to explain the individual con-
tribution of the atoms to the overall activity of the
compound.
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