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ABSTRACT 
QSAR techniques have proven to be extremely valuable in pharmaceutical research, 
particularly 3D QSAR. However, the necessity of descriptor calculation and selection 
or conformer generation, and structural alignment makes use of QSAR non-trivial. 
Demands for analysis of large data sets such as those being generated by 
combinatorial chemistry and high throughput screening have compounded this 
problem. Hologram QSAR (HQSAR) is a new technique which employs specialized 
fragment fingerprints (molecular holograms) as predictive variables of biological 
activity. By removing the necessity for molecular alignment, HQSAR models can be 
obtained more rapidly than other techniques which makes HQSAR readily applicable 
to both small and large data sets. HQSAR models are comparable in predictive ability 
to those derived from CoMFA studies. In many cases HQSAR can be readily 
extended to support database searching. 
 
INTRODUCTION 
QSAR techniques have proven exceptionally useful in the drug design process 1,2. 
Generation of QSAR models which are able to predict biological activities of new 
compounds and infer possible activity enhancing modifications are invaluable tools 
in increasing the efficiency of modern synthesis and screening programs. Hologram 
QSAR (HQSAR) is a new QSAR method which relates biological activity to 
structural molecular composition21 where molecular composition is described in 
terms of patterns of substructural fragments. 
 
QSAR TECHNIQUES 
QSAR techniques may be divided into two main types: classical Hansch3 type 
analyses (2D) and 3D techniques, e.g. CoMFA4. Both techniques have two basic 
steps: 
 i) Calculation of molecular descriptors 
 ii) Statistical generation of the QSAR model 
 
CALCULATION OF MOLECULAR DESCRIPTORS 
Classical Hansch type approaches employ molecular descriptors which are most 
often substituent constants, whole molecule properties such as molar refractivity, 
logP, orbital energies, or atomic properties such as charge5. Descriptors must be 
selected very carefully6 to obtain robust predictive models. This is illustrated by 
examination of the enormous variety of molecular descriptors employed in traditional 
QSAR studies. Additionally, values for these descriptor variables must be calculated 
or determined experimentally. Selection and calculation of descriptor variables for 
classical QSAR studies can be a time consuming process. 
 
One of the most popular 3D QSAR methods is Comparative Molecular Field 
Analysis (CoMFA). CoMFA employs variation in field strengths around a set of 
aligned 3D structures to describe the observed variation in biological activity. 
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CoMFA has been shown to provide highly predictive models7,8,9,10 for a large number 
of data sets. CoMFA models can be projected back over molecular structures 
allowing visualization of important 3D information affecting biological activity. 
Generation of CoMFA models is, however, non-trivial. Decisions regarding 
molecular conformation and relative alignment can be difficult and complex, 
especially when data sets contain structurally very diverse molecules where no 
obvious alignment rule suggests itself. Moreover, the alignment process is not usually 
amenable to automatioin which is necessary for the analysis of large data sets. 
 
STATISTICAL GENERATION OF THE QSAR MODEL 
Many statistical methods have been employed to generate QSAR models from 
descriptive variables. The most commonly used techniques are Multiple Linear 
Regression (MLR) and Partial Least Squares (PLS)11. Both methods have their 
advantages and disadvantages. Classical QSARs most often use MLR where the ratio 
of the data points to the number of number of descriptors should not exceed five12. 
While PLS analyses are particularly suited to situations where the number of 
descriptor variables exceeds the number of observations it is often the case that the 
principal components extracted from the descriptor variables have unclear physical 
meaning. It should be noted that the CoMFA technique does allow physical 
interpretation of PLS extracted QSAR model components in terms of 3D contour 
maps. 
 
HQSAR 
HQSAR is a new QSAR technique that avoids many of the problems associated with 
classical or 3D QSAR approaches21. Only 2D structures and activity are required as 
input—no complex descriptor selection process or 3D molecular alignment is 
required. HQSAR converts the molecules of a data set into counts of their constituent 
fragments. The patterns of fragment counts from dataset molecules are then related to 
observed biological activity data using Partial Least Squares analysis. Both steps, 
fragment counting and PLS analysis, are very fast. Nevertheless, the method is robust 
and highly predictive for many data sets. 
 
In this paper, the general performance and behavior of HQSAR is examined by 
performing HQSAR analyses on a number of data sets for which previous QSAR 
studies have been published. 
 
HQSAR THEORY 
HQSAR works by identifying patterns of substructural fragments relevant to 
biological activity in sets of bioactive molecules. Unlike maximal common subgraph 
algorithms and the Stigmata algorithm13 which seek structural commonalities, 
HQSAR yields a predictive relationship between substructural features in the data set 
and biological activity using PLS. 
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As with most QSAR methods, there are two steps to generate a QSAR model: 
calculation of the molecular descriptor and subsequent statistical analysis. The 
following section describes the calculation of molecular holograms and the 
parameters that affect their nature. No discussion of PLS and its use in statistical 
analysis is included here as this has been covered in great detail elsewhere22. 
 

Molecular Holograms 
The first stage in the HQSAR method is the generation of molecular holograms. A 
molecular hologram is an array containing counts of molecular fragments and is 
related to traditional binary 2D fingerprints employed in database searching and 
molecular diversity techniques. The process of hologram generation is depicted in 
Figure 1. 
 
The input data set consists of the 2D chemical structures14 and their associated 
biological data. The molecular structures are broken down on the fly into all possible 
linear and branched fragments of connected atoms of size between M and N atoms. 
Each unique fragment in the data set is assigned a specific large positive integer by 
means of a 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 to 500). Bin occupancies are incremented according to the fragments generated. 
Thus, all generated fragments are hashed15 into array bins in the range 1 to L. This 
array is called a molecular hologram, and the bin occupancies are the descriptor 
variables. 
 
The use of hashing greatly reduces the size of the molecular hologram but leads to a 
phenomenon called "fragment collision". During fragment generation, identical 
fragments are always hashed to the 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 "collisions" between fragments. This is discussed further in the 
section on hologram length. 
 
Computation of the Molecular Holograms for a data set of structures yields a data 
matrix of dimension R x L, where R is the number of compounds in the data set and 
L is the length of the Molecular Hologram. For QSAR purposes, a matrix of target 
variables (biological activities) is also created. Standard PLS analysis is then applied 
to identify a set of orthogonal explanatory variables (components) that are linear 
combinations of the original L variables. Leave-one-out crossvalidation is applied to 
determine the number of components that yields an optimally predictive model. 
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 
compound in the data set. 
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Figure 1: Generation of Molecular Holograms. 
 
The form of this equation for the generated QSAR model is shown by equation 1. 
 Activityi = co + åL xil cil   (1) 
where xil is the occupancy value of the Molecular Hologram 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.  
 

 
Figure 2: HQSAR Overview 
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HQSAR Parameters 
HQSAR models can be affected by a number of parameters concerning hologram 
generation: hologram length, fragment size, and fragment distinction. 

Hologram Length 
The hologram length is a user-definable parameter which controls the number of bins 
in the hologram fingerprint. Because the hologram length is significantly less than the 
number of fragments in most compounds, alteration of hologram length, L, will cause 
the pattern of bin occupancies in data set holograms to change. This means that 
fragment collisions (where different unique fragments map to the same holographic 
bin) will be altered. Certain patterns of fragment disposition in the molecular 
holograms enables PLS to more readily detect the relationship between fragments 
present in the data set and the variance in biological activity. Twelve default 
hologram lengths which have been found to yield predictive models on a number of 
test data sets are provided. These default hologram lengths are prime numbers such 
that each provides a unique set of fragment collisions. 

Fragment Size 
Fragment size controls the minimum and maximum length of fragments to be 
included in the hologram fingerprint. As mentioned previously, molecular holograms 
are produced by the generation of all linear and branched fragments between M and 
N atoms in size. The parameters M and N can be changed to include smaller or larger 
fragments in the holograms. Default fragment lengths (M = 4 and N = 7) are 
provided. These values were derived through testing the HQSAR method on a 
number of different data sets and have proved generally useful. 

Fragment Distinction 
Depending on the application and data set in question, HQSAR allows fragments to 
be distinguished based on the atoms, bonds, connections, hydrogens, and chirality 
parameters which are defined in Table 1 below. Figure 3 shows graphically how 
these different parameter settings lead to the generation of distinct fragments from 
the same portion of the original molecule. 
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Atoms 
The atoms parameter enables fragments to be resolved based 
on elemental atom types, for example, allowing N to be 
distinguished from P. 

Bonds 
The bonds parameter enables fragments to be distinguished 
based on bond orders, for example, in the absence of 
hydrogen, allowing butane to be distinguished from 2-butene. 

Connections 
The connections parameter provides a measure of atomic 
hybridization states within fragments. That is, connections 
causes HQSAR to keep track of how many connections are 
made to constituent atoms, and the bond order of those 
connections. 

Hydrogens 
By default, HQSAR ignores the hydrogen atoms during 
fragment generation; the hydrogens parameter overrides this 
behavior. 

Chirality 
The chirality parameter enables fragments to be distinguished 
based on atomic and bond stereo chemistry. Thus, 
stereochemistry allows cis double bonds to be distinguished 
from their trans counterparts, and R-enantiomers to be 
distinguished from S at all chiral centers. 

Table 1: Fragment Distinction 

Fragment Patterns 
It has been asserted that HQSAR works by identifying patterns of substructural 
fragments relevant to biological activity in sets of bioactive molecules. The reason 
for employing fragment patterns is that, unless only one atom fragments are 
considered, each atom in a molecule will be found in a number of different 
fragments, incrementing a number of holographic bins. Use of fragment patterns also 
distinguishes HQSAR from the Free-Wilson analysis which considers only 
independent fragments for which PLS is generally inappropriate. The use of fragment 
patterns is also analogous to the situation for CoMFA where correlations between 
lattice point energies play an important role—it is the pattern of energies which is 
important, not the individual values. 

Results and Discussion 
In this study, HQSAR analysis was performed on seven different sets of compounds, 
examining nine types of biological activity. Four of these data sets had previously 
been studied with CoMFA and three with other QSAR methods. HQSAR runs were 
performed over twelve different hologram lengths with four different hologram 
construction parameters settings. This resulted in 48 individual HQSAR experiments 
for each activity type. The data sets are described below along with the relevant 
publications. 
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DATA SETS 
IA  42 Benzodiazepines, binding affinities at Diazepam-sensitive 

(DS) benzodiazepine receptor7,16,17. 
IB  42 Benzodiazepines, binding affinities at Diazepam-insensitive 

(DI) benzodiazepine receptor7,16,17. 
IC  42 Benzodiazepines, selectivity between Diazepam insensitive 

and sensitive benzodiazepine receptors (DI/DS)7,16,17. 
II 50 Estrogen related steroids, inhibition of aromatase8. 

III 28 Non-peptide angiotensin II receptor antagonists9. 

IV 21 Steroids, binding affinity at corticosteroid binding protein4. 

V 40 1-[(2-hydroxyethoxy)-methyl]-6-[phenylthio]thymine 
derivatives, inhibition of HIV-I reverse transcriptase 18. 

VI 13 Peptide and non-peptides leukotriene antagonists 19. 

VII 37 bisamidines; activity against Leishmania mexicana 
amazonesis 20. 

 

HQSAR Parameters 
HQSAR analysis was performed over the default series of hologram lengths of 53, 
59, 61, 71, 83, 97, 151, 199, 257, 307, 353, 401 bins. Only fragments between 4 and 
7 were considered. 

Comparison of HQSAR and CoMFA 
A number of data sets were selected from the literature, and HQSAR analyses 
performed on the 2D structures and their associated biological data as published. The 
CoMFA study results were not reproduced but rather are listed below as from their 
respective publications.  
 
HQSAR is able to produce models of comparable predictive quality to those from 
CoMFA as clearly shown by the results in Figure 4 and Table I. In general, CoMFA 
tends to give better r2 values. Model predictivity, in terms of q2 and crossvalidated 
standard error of estimate (Std Err(cv)), is, however, quite comparable. 
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Figure 4: Comparison of q2 values from HQSAR and CoMFA. The best results from 
the full set of HQSAR runs was reported. 
 

q2 r2 Std Err(cv) Std Err 
Dataset HQSAR CoMFA HQSAR CoMFA HQSAR CoMFA HQSAR CoMFA 

Ia 0.65 0.707 0.90 0.99 0.62 0.59 0.34 0.09 
Ib 0.62 0.737 0.92 0.96 0.55 0.45 0.55 0.45 
Ic 0.81 0.797 0.97 0.98 0.56 0.56 0.24 0.18 
II 0.78 0.678 0.89 0.89 0.70 NA 0.42 NA 
III 0.48 0.489 0.85 0.93 0.81 0.75 0.43 0.28 
IV 0.71 0.7510 0.85 0.96 0.81 0.66 0.43 0.27 
Table 2: Comparison of HQSAR and other QSAR models. The best results from the 
full set of HQSAR runs was reported. 

Further HQSAR Comparisons 
HQSAR results were also compared to results from other QSAR methods. The 
number of tests sets is too small to represent a survey of the literature, but these were 
chosen at random from a literature search. In general, HQSAR outperforms most 
other QSAR methods. 
 
Data set V: Hansch analysis employing MR, hydration energy, and atomic charge 
Data set VI:  Apex 3D 
Data set VII: Flexible fitting and use of molecular similarity indices   
Data displayed in figure 5 and table 2 demonstrate that, at least for the data sets 
considered, HQSAR gives more predictive models (q2, Std Err(cv)) with better 
correlation with biological data (r2). 
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Figure 5: Comparison of q2 values from HQSAR and other QSAR methods. The best 
results from the full set of HQSAR runs was reported. 
 

q2 r2 Std Err(cv) Std Err 
Dataset HQSAR Lit HQSAR Lit HQSAR Lit HQSAR Lit 

V 0.83 0.6718 0.99 0.87 0.79 0.74 0.18 NA 
VI 0.80 0.5119 0.99 0.87 0.64 0.51 0.17 0.44
VII 0.82 0.5120 0.94 0.69 0.25 0.32 0.14 NA 
 
Table 2: Comparison of HQSAR and other QSAR models. The best results from the 
full set of HQSAR runs was reported. 

Validity of HQSAR Models 
Figure 6 shows the results of randomization testing on the benzodiazepine selectivity 
data set (Ic). 1000 HQSAR runs were performed in which the biological data was 
randomized with respect to the training set compounds. Randomization of data and 
subsequent model evaluation is performed to assess the statistical validity of the 
QSAR model, eliminating the prospect of a chance correlation between descriptor 
variables and biological activity. Randomization tests were performed for all data 
sets in this study and all gave results qualitatively similar to that shown in Figure 6. 
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q2 = 0.81

 
Figure 6: Histogram of q2 vs. frequency of occurrence for 1000 HQSAR runs with 
randomized biological data. 

Effect of Hologram Parameters 
It was asserted in the theory section that employing different hologram lengths would 
affect HQSAR models through alteration of the fragment disposition in the 
halograms (changing the hologram lengths also changes the pattern of fragment 
collisions). Variation in q2 values for a variety of hologram lengths is shown in 
Figure 7. Hologram construction parameters were set at atoms and bonds only for the 
generation of this data. 
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Figure 7: Variation in HQSAR q2 as a function of Hologram Length. 
 
It appears from the plot in figure 7 that there is no direct correlation between 
hologram length and the predictive quality of the HQSAR model produced. This 
situation was expected as the pattern of bin occupancies in the molecular hologram 
will change in a non-trivial manner with respect to alteration of hologram length. It is 
evident, however, that for some hologram lengths, PLS is able to obtain much 
stronger correlations between the fragment types present in the data set and the 
biological activity. It should be noted that for all hologram lengths some kind of 
predictive model results. Additionally, figure 7 suggests that careful consideration 
should be given when repoting HQSAR q2 as values can vary in a significant manner 
depending on HQSAR parameter settings. For the datasets shown in Figure 7, the 
following ranges of q2 have been observed. Data set I q2 = 0.47-0.62, Data set II q2 = 
0.70-0.76, Data set III q2 = 0.24-0.48, Data set IV q2 = 0.24-0.64 and Data set VI q2 = 
0.47-0.80. It is suggested that the most reasonable HQSAR q2 value to report is the 
median value. q2s reported here earlier have been the maximum values to provide a 
direct comparison with reported q2s from other QSAR techniques since q2 from other 
QSAR techniques under comparison are reported either for the best model from 
various ones published or the only reported value (authors are assumed to have 
reported the highest q2 obtained for the best model). 
 
The effect of the information content of the molecular holograms on HQSAR models 
was also investigated by altering the fragment distinction parameters (atoms, bonds, 
connections, hydrogens, and chirality) prior to hologram generation (figure 8). 
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Figure 8: Variation in HQSAR q2 vs. Fragment Distinction parameters. 

Hologram Construction Parameters for Figure 8: 
1 = Atoms & Bonds 
2 = Atoms, Bonds & Connections 
3 = Atoms, Bonds, Connections & Hydrogens 
4 = Atoms, Bonds, Connections, Hydrogens & Chirality. 
 
As was the case with variation in hologram length, the predictive quality of HQSAR 
models does not appear to depend on the information content of the holograms in any 
simple way. Alteration of the manner in which molecular fragments are defined will, 
as in the case of changing hologram length, disperse fragments differently over the 
holograms and also alter the information content. In most cases the setting of only 
atoms and bonds parameters appears sufficient for a predictive model to result. 
Depending, however, on the data set under study, it may be pertinent to use 
connections, hydrogens and chiralty parameters to involve more molecular 
information. Further investigation into the incorporation of hybridization and 
chirality information is necessary. 
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 TIMINGS (Sec) 

(Parameters A=atoms, B=bonds, C=connections, H=Hydrogens, Ch=Chirality) 
Data Sets A-B A-B-C  A-B-C-H A-B-C-H-Ch 

Ia 44 65 125 180 
II 67 103 365 581 

III 19 32 77 118 
IV 14 31 75 208 
V 37 48 82 115 

VI 7 12 36 62 
VII 30 39 85 136 

Table 3: Timings for HQSAR runs. 

Timings of HQSAR Runs 
Table 3 shows the speed with which HQSAR can obtain QSAR models, the results of 
which are shown in Tables 1 and 2 and Figures 5 and 6. The only overhead in 
generating HQSAR models is the time required to enter the biological and molecular 
data. 
 
All runs were made over the 12 default hologram lengths on an SGI O2 R10000 with 
128Mb of memory. The starting point for each run was a SYBYL table containing 
the training set molecules and biological data, the finish point was the selection of the 
final model on the basis of standard error of estimate (Std Err (cv) ) from the 12 
possibilities. 
 
CONCLUSION 
HQSAR is a rapid, highly predictive QSAR technique. Results described earlier show 
that HQSAR can readily produce highly predictive QSAR models over a wide variety 
of data sets. In terms of q2 values, the predictivity of HQSAR models is comparable 
to those derived from CoMFA and better than the other methods under comparison 
such as Apex3D and Hansch analysis for the data sets considered. Most importantly, 
HQSAR allows very rapid generation of QSAR models making it applicable to both 
small and large data sets. 
Work is on-going to further develop HQSAR for virtual screening of databases. 
HQSAR's reliance on molecular holograms allows ready extension to database 
searching to find structurally similar highly active molecules. 
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