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Abstract

This paper reviews our recent studies on the visualization of chemical database and its ap-
plication in drug design at the molecular and cellular levels. It sketches the background of
computer-aided drug design, and gives the mathematical formulations of fundamental database
computational problems. Solutions of these problems rely on multivariate nonlinear optimiza-
tion, combinatorial optimization, numerical linear algebra, and multivariate statistical analysis.
This paper presents a fast algorithm for visualizing large chemical databases as a first step in
solving the chemical database analysis problems. The algorithm is a novel combination of the
singular value decomposition and principal component analysis techniques with the truncated-
Newton minimization method (TNPACK) based on the classic distance geometry approach.
Numerical experiments to real chemical databases show that our visualization algorithm has
great potential in aiding the generation of drug candidates or the optimization of bioactive
compounds.

1 Computer aided Drug Design

Before the 1970s, new drug candidates mostly were proposed from laboratory syntheses or extractions
from Nature. Later, the methodology of “rational drug design” was introduced as the understanding
of biochemical processes is increased, as the technology of computer is improved, and as the field
of molecular modeling is recognized widely. Molecular modeling was thought to lead to dramatic
progress in the design of drugs. However, the limited reliability of modeling molecular interactions
between drugs and target molecules restricted its success. Indeed, the design of compounds with
the correct binding properties is only a first step in the complex process of drug design; many other
considerations and tests must be made to determine the drug’s bioactivity and its various effects on
the human body.

Since 1980s, new high throughput screening (HTS) synthesis techniques, such as robotic systems
that can run hundreds of concurrent synthetic reactions, have emerged, enhancing synthesis produc-
tivity enormously [5, 6]. The rapid development of the HTS synthesis techniques makes many people
to believe that drug design need not be “rational” if potential lead drugs can be searched by an
exhaustive approach. However, as the HTS synthesis techniques are becoming cheaper and faster,
chemical databases are becoming larger and larger. The amount of compounds to be synthesized
becomes so vast that no a pharmaceutical company can afford the money and time required by an
exhaustive approach even with the most advantaged HTS synthesis techniques.

In order to sharply reduce the time and money for identification and optimization of lead drugs
[15], virtual HTS computational techniques have been developed, with which a huge database can
be sorted through into a small focused dataset (e.g., a dataset in which compounds have the most
potential to the activity with respect to a given target) or a small “most diverse” dataset that can be a
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representative of the huge database. Such small datasets eliminate most of guesswork in drug design
for scientists so that the discovery process of a new drug can be significantly speeded up compared to
traditional discovery methodologies. Combining the virtual HTS techniques with molecular modeling
and database analysis techniques has become a very promise approach to computer-aided drug
design. It has been applied to propose candidate molecules that resemble antibiotics, to find novel
catalysts for certain reactions, and to design inhibitors for the HIV protease.

2 Chemical Databases and Chemical Descriptors

A chemical database consists of compounds with potential and/or demonstrated therapeutic ac-
tivities. Most libraries are the properties of pharmaceutical companies, but public sources also
exist. Examples of public databases include the MDL Drug Data Report (MDDR) database 1 and
the Comprehensive Medicinal Chemistry (CMC) 2. MDDR contains various information on known
drugs and those under development, including descriptions of therapeutic action and cross-reference
search utilities. Produced by MDL and Prous Science, MDDR contains over 100,000 biologically
relevant compounds and well-defined derivatives, with updates adding about 10,000 a year to the
database. CMC database provides 3D models and various biochemical properties of drugs, including
drug class, logP, and pKa values for over 7,500 pharmaceutical compounds (1900-present). MDL
updates CMC annually.

To analyze a chemical database by a virtual HTS technique, a corresponding virtual database
needs to be established. That is, all compounds of the database are characterized as vectors by a
list of “chemical descriptors”. A basic assumption on such a virtual database is that the Euclidean
distance of two compound vectors indicates the structure diversity (or similarity) of the two cor-
responding chemical compounds. Virtual databases will be simply referred to as databases in the
remainder of this paper since all databases to be studied in our research work have vector expressions
for compounds.

How to define chemical descriptors to satisfy the above basic assumption is an area of research
on its own, and has been widely studied for more than twenty years. Generally, chemical descrip-
tors can be a wide range of indices that indicate molecular connectivity, Kappa shape, topological
state, electrotopological state, and other properties. There are many ways to formulate chemical
descriptors, but the search for the most appropriate descriptors is an ongoing enterprise.

Examples of different classes of descriptors include: (1) molecular connectivity or topological
indices that reflect molecular connectivity and other topological invariants; (2) binary encoded
representations that indicate the presence or absence of a property, such as at least three nitrogen
atoms, doubly-bonded nitrogens, or alcohol functional groups; (3) 3D structural indices that reflect
geometric structural factors like van der Waals volume and surface area; and (4) electronic indices
that characterize the ionization potential, partial atomic charges, or electron densities. See also [4]
for further examples.

Some chemical descriptors can be computed on a computer. For example, more than 300 struc-
tural descriptors can be calculated by using Molconn-Z—a commercial program package of eduSoft.
LC, which is originally developed by Lowell Hall [19]. Such descriptors have been found to be a con-
venient and reasonably successful approximation to quantify molecular structure and relate structure
to biological activity (see review in [3]) and can be used in conjunction with other selectivity criteria
based on activity data for a training set (e.g., [11, 16]).

Many commercial databases have contained compound vectors characterized by chemical de-
scriptors. For example, the compounds in MDDR have vector expressions in terms of atom-pair
descriptors, which are defined as the number of bonds along the shortest paths connecting an atom-
pair [7], and several other descriptors that reflect torsions of four consecutive atoms, charges of atom
pairs, and hydrophobic characteristics in order to reflect physicochemical and geometric features.

1http://www.mdli.com/cgi/dynamic/product.html?uid=$uid&key=$key&id=20
2http://www.mdli.com/cgi/dynamic/product.html?uid=$uid&key=$key&id=21
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These compound vectors have been shown to be successful in structure-activity studies [3, 7].

3 Computational Problems in Database Analysis

In broad terms, two general problem categories can be defined in chemical database analysis and
design: (1) Database systematics: analysis and compound grouping, compound classification, elim-
ination of redundancy in compound representation (dimensionality reduction), data visualization,
etc., and (2) Database applications: efficient formulation of quantitative links between compound
properties and biological activity for compound selection and design optimization experiments. Both
these general database problems are associated with several mathematical disciplines. Database sys-
tematic involves the tools of multivariate statistical analysis and numerical linear algebra. Similar-
ity and diversity searches involve multivariate nonlinear optimization (for continuous formulations),
combinatorial optimization (for discrete formulations), distance geometry techniques, and config-
uration sampling. The problem of combinatorial optimization, in particular, is known to have a
non-polynomial time complexity.

Typically, the above combinatorial optimization problems can be solved by stochastic and heuris-
tic approaches. These include genetic algorithms, simulated annealing, and tabu-search variants. See
reference [2], for example, for a review. As in other applications, the efficiency of simulated annealing
strongly depends on the choice of cooling schedule and other parameters. In recent years, several
potentially valuable annealing algorithms such as deterministic annealing, multiscale annealing, and
adaptive simulated annealing, as well as other variants, have been extensively studied.

In special cases, combinatorial optimization problems can be formulated as integer programming
and mixed-integer programming problems. In this approach, linear programming techniques such
as interior methods, can be applied to the solution of combinatorial optimization problems, leading
to branch and bound algorithms, cutting plane algorithms, and dynamic programming algorithms.
Parallel implementation of combinatorial optimization algorithms is also important in practice to
improve the performance.

Other important research areas in combinatorial optimization include the study of various al-
gebraic structures (such as matroids and greedoids) within which some combinatorial optimization
problems can more easily be solved [8].

Our present studies focus on two fundamental research problems in database analyses: (1) the
similarity sampling problem, and (2) the diversity sampling program [3, 12, 17, 21]. Their solution
has great potential in benefitting computer-aided drug design [5, 6]. The similarity problem involves
finding a drug from the database that is similar to another drug with known bioactive properties.
The diversity problem involves defining a diverse subset of “representative” compounds so that
researchers can scan only a subset of the huge database each time a specific pharmacological agent
is sought. However, this formidable problem is a combinatorial optimization.

We used an innovative approach to solve the above two database problems. The approach
consists of two steps. In the first step, a fast algorithm for dimensionality reduction and data
visualization is developed so that the distance relationships of the database are displayed visually
in the two-dimensional vector space. In the second step, algorithms for similarity sampling and
diversity sampling are developed.

The main task of the first step has been completed recently. In the next section, a brief summary
of the main results of this study is presented. It includes a mathematical framework of database
analysis, an application of the principle component analysis (PCA) and singular value decomposi-
tion (SVD) methods in database reduction, and a fast database visualization algorithm defined by
combining PCA and SVD with the truncated-Newton minimization method (TNPACK) based on
the distance-geometry approach.
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4 Mathematical Framework of Database Analysis

A mathematical framework of database analysis is essential to apply mathematics and computer
sciences to the solution of database problems. It includes the definition of database, the measure of
similarity and diversity, the scaling of database, and the mathematical formulation of basic database
problems.

4.1 Expression of Chemical Database

Let X be a chemical database of n compounds. The ith compound Xi is expressed as a vector of
m-dimensional space Rm:

Xi = (xi1, xi2, . . . , xim)T for i = 1, 2, . . . , n,

where xij denotes the value of chemical descriptor j of compound Xi. The database X = {X1, X2, . . . , Xn}
is then represented as an n×m matrix

X = (X1, X2, . . . , Xn)T =




x11 x12 · · · x1m

x21 x22 · · · x2m

...
...

. . .
...

xn1 xn2 · · · xnm


 . (1)

Here the superscript T denotes the transpose of vector and matrix. Usually, n >> m.

4.2 Diversity Measures

Formally, a diversity measure δ of database X is a function from X ×X into a real number space
R that is nonnegative (δ(Xi, Xj) ≥ 0), symmetric (δ(Xi, Xj) = δ(Xj , Xi)), and vanishes on the
diagonal (δ(Xi, Xi) = 0). It measures how different compounds Xi and Xj are in some sense.

There are many possible diversity measures, but all of them are equivalent since Rm is of finite
dimension. For simplicity, the Euclidean distance is often used as a diversity measure of two different
compounds Xi and Xj :

δij = ‖Xi −Xj‖ =

√√√√
m∑

k=1

(xik − xjk)2.

Here ‖ · ‖ is the Euclidean norm. There are n(n − 1)/2 distance segments {δij} in database X =
{Xi}n

i=1 for pairs i < j.

4.3 Database Scaling

To avoid the dominance of a few large descriptors on the diversity measure, scaling becomes necessary
if the chemical descriptors use different units and vary drastically in their magnitudes. Generally,
scaled descriptors {x̂ik} can be defined by the following formula: For k = 1, 2, . . . ,m,

x̂ik = ak(xik − bk), 1 ≤ i ≤ n, (2)

where ak and bk are real numbers, and ak > 0. They are called the scaling and displacement factors,
respectively. In practice, however, it is very difficult to determine the appropriate scaling and
displacement factors for the specific application problem [25]. Given no chemical/physical guidance,
it is customary to scale data entries xij by the following formula:

x̂ij =
xij − βj

αj − βj
, (3)
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where αj = max1≤i≤n xij and βj = min1≤i≤n xij . This definition makes each column in the range
[0, 1], and is also termed “standardization of descriptors”.

Another scaling procedure arises from the multivariate statistical analysis. It sets the scaled
component x̂ij as follows:

x̂ij =
xij − µj

σj
, (4)

where µj and σj are the mean and the deviation of the jth column of X, respectively, defined by

µj =
1
n

n∑

i=1

xij and σj =

√√√√ 1
n− 1

n∑

i=1

(xij − µj)2.

This scaling effectively makes each column have a mean of zero and a standard deviation of one.

4.4 The Formulation of Database Computational Problems

The fundamental computational problems in database analysis are formulated mathematically as
below.

(1) The Similarity Search Problem.

Suppose that compound Xj is a given target. The similarity search problem for a database X is
to find the most similar compound Xj0 such that

‖Xj0 −Xj‖ = min
∀Xi∈X

i 6=j

‖Xi −Xj‖.

Since each distance segment δij = ‖Xi−Xj‖ requires O(m) floating-point operations (flops) to com-
pute, an exhaustive calculation over all n candidates requires a total of O(nm) flops. An effective
scheme is sought when n and m are large.

(2) The Similarity Sampling Problem

In practice it is often to find a sampling set that contains a small number of most similar com-
pounds to the target Xj . Such a task is called the similarity sampling problem. Note that the vector
expression Xi of compound reflects the structure features of compound. Hence, according to the
principle that similarity in structure may lead to similarity in bioactivity, it can be expected that
performing this task can find these drugs with similar physiochemical and biological properties to a
known drug.

(3) The Diversity Search Problem

The diversity search problem is to find a “representative subset” S0 that contains n0 represen-
tative compounds such that

∑
Xi,Xj∈S0

i<j

‖Xi −Xj‖ = max
∀S⊂X

∑
Xi,Xj∈S

i<j

‖Xi −Xj‖,

where n0 ¿ n, a fixed positive integer number, and S denotes a subset of the database X with
n0 compounds. Diversity search naturally arises since pharmaceutical companies must scan huge
databases each time they search for a specific pharmacological activity. Reducing the dataset of n
compounds to the small subset of n0 representative elements is likely to accelerate such searches. The
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“representative subset” S0 might also be used to prioritize the choice of compounds to be purchased
or/and synthesized, resulting in an accelerated discovery process.

An exhaustive search of the most diverse subset S0 requires a total of O(Cn0
n n2

0m) flops be-
cause there are Cn0

n possible subsets of S of size n0 and each subset takes O(n2
0m) flops. Here

Cn0
n = n(n− 1)(n− 2) · · · (n− n0 + 1)/(1 · 2 · 3 · · · · · n0).

(4) The Clustering Problem

Clustering is a process of organizing objects into groups whose members are similar in some way.
That is, for a given integer n0, the database X is partitioned into n0 subsets S1, S2, . . . , Sk such
that the sum of their costs,

∑n0
j=1 c(Sj), is minimized. Here each Sj is referred to as a cluster of

database, and c(Sj) is a cost function of Sj . The cost function can be defined by

c(Sj) =
∑

Xi,Xj∈Sj

i<j

‖Xi −Xj‖.

Obviously, a representative set generated from a diversity searching algorithm can be used to
produce the clusters of the database. In fact, if X̄j is the jth representative compound, then the
above cost function can be approximated as

c(Sj) =
∑

Xi∈Sj

‖Xi − X̄j‖.

Here X̄j is often called a centroid of cluster Sj . On the other hand, if a cluster partition is given,
a representative compound X̄j of cluster Sj can be selected by performing the following task: Find
X̄j ∈ Sj such that ∑

Xi∈Sj

‖X̄j −Xi‖ = min
x∈Sj

∑

Xi∈Sj

‖x−Xi‖.

In the above sense, both the diversity search problem and the clustering problem are equivalent.

(5) The Diversity Sampling Problem

However, it seems to be impossible to find the exact solution of the diversity search problem or
the clustering problem because their combinatorial feature is an impossible obstacle. The number
of possible subsets increases in a high rate with n, the search for an optimal solution is out of reach
despite the enormous power of large scale parallel computers. Hence, in practice, it is always to
look for heuristics or for approximate solution in some more restricted feasible sets. The diversity
sampling problem is to generate a diversity sampling—an approximate solution of the diversity
search problem with a satisfactory accuracy.

5 Our Recent Progresses

In our studies, a promise approach is used to solve the above database problems. The approach
consists of two steps. The first step is to create a 2D mapping of the database with a satisfactory
accuracy in retaining the distance relationships of the database. Based on the 2D mapping of the
database, the second step is then to develop algorithms for solving the above database problems
together with the applications in drug design. How to develop efficient visualization algorithms for
large databases is a challenging research topic in this approach. This section presents the research
progresses we made recently on this topic.

6



5.1 Database Visualization by PCA

To reduce the dimensionality of database X by using PCA approach, the chemical descriptors are
regarded as random variables, while the input database X as their sampling. PCA transforms the
highly correlated descriptor variables into the uncorrelated variables called principal components
(PCs). By using the first l PCs with l << m, the database matrix X can then be reduced to a
smaller matrix with dimension n×l. It is well known that this small database matrix is an “optimal”
approximation to the input database matrix X in the sense that it retains the variation presented
in X in the l-dimensional (l-D) space as much as possible [18].

According to our recent paper [30], the l-dimension approximation Yi of Xi can be defined by
using the first l PCs as:

Yi = (yi1, yi2, . . . , yil)T for i = 1, 2, . . . , n. (5)

Here yij is the ith component of the jth PC. For the purpose of visualization, l is set to be 2 or 3.

5.2 Database Visualization by SVD

The SVD technique [9] is a procedure for data compression used in many practical applications
like image processing and cryptanalysis (code deciphering). Essentially, it is a factorization for
rectangular matrices that is a generalization of the eigenvalue decomposition for square matrices.
With SVD, the database rectangular matrix X can be written as the sum of rank-1 matrices [14]:

X =
r∑

k=1

σkukvT
k , (6)

where r is the rank of matrix X (r ≤ m), uk ∈ Rn and vk ∈ Rm, respectively, are left and right
singular vectors, and σk is the singular value. All singular values are arranged in decreasing order:

σ1 ≥ σ2 ≥ . . . ≥ σr > 0 and σr+1 = . . . = σm = 0.

In terms of the right singular vectors {vk}m
k=1, which is here an orthonormal basis of Rm, each

compound vector Xi has the following new vector expression

Xi = (σ1ui1, σ2ui2, . . . , σruir, 0, . . . , 0)T , (7)

where uij is the ith component of the jth left singular vector uj . Based on (7), the l dimensional
approximation vector Yi of Xi is defined by

Yi = (σ1ui1, σ2ui2, . . . , σlul)T , i = 1, 2, . . . , n. (8)

Here l << m. With l = 2 or 3, the database can be visualized.

5.3 Distance Refinement by TNPACK

In many applications of database analysis, it is important to study the distance relationships among
the compounds as much as possible. Hence, it is essential for a visualization algorithm to retain
the distance relationships well. However, the SVD/PCA mapping of database X may be poor in
retaining the distance relationships of the database. Hence, a step of distance refinement is required
to improve the accuracy of the SVD/PCA mapping in retaining the distance relationships of the
database.

The problem of distance refinement can be formulated as a classic distance-geometry problem:
find n points in the l-dimensional space Rl (2 ≥ l << m) so that their interpoint distances match
the corresponding values from the m-dimensional space Rm as closely as possible.
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Specifically, with an objective error function E to describe the discrepancy between the distance
segments in Rl and Rm, an optimization algorithm finds a minimum point Y ∗ = (Y ∗

1 , Y ∗
2 , . . . , Y ∗

n )
with Y ∗

i ∈ Rl for i = 1, 2, . . . , n such that

E(Y ∗
1 , Y ∗

2 , . . . , Y ∗
n ) = min

Yi∈Rl, 1≤i≤n
E(Y1, Y2, . . . , Yn), (9)

where each Yi = (yi1, yi2, . . . , yl)T .
Theoretically, the distance-geometry problem (9) is a global minimization problem, but in prac-

tice, only a local solution can usually be obtained. Hence, how to find an initial guess of solution
that is near enough to the global optimal solution is an important and difficult objective.

Objective Error Function E. The objective error function E can be formulated in many
different ways [1, 22, 23]. In our algorithm, a particular objective error function E is used:

E(Y1, Y2, . . . , Yn) =
1
4

n−1∑

i=1

n∑

j=i+1

ωij

(
d(Yi, Yj)2 − δ2

ij

)2
, (10)

ωij =
{

1/δ4
ij if δ4

ij ≥ η,
1 if δ4

ij < η,

where d(Yi, Yj) = ‖Yi − Yj‖, δij = ‖Xi −Xj‖, {ωij} denote weights, and the parameter η is a small
positive number such as 10−12. Note that the first and second derivatives of E are well defined.
Hence, an efficient second-derivative method like Newton-type algorithms [13] can be applied.

The Quality Measure of Distance Approximation. Various error measures can be used to
assess the agreement between the original and projected pairwise distances. In our algorithm, the
following percentage ρ is used to measure the quality of the approximation of d(Yi, Yj) to δij for all
pairs i < j:

ρ =
Td

n(n− 1)/2
· 100. (11)

The variable Td is the total number of the distance segments d(Yi, Yj) satisfying

|d(Yi, Yj)− δij | ≤ εδij when δij > dmin, (12)

or
d(Yi, Yj) ≤ ε̃ when δij ≤ dmin, (13)

where ε, ε̃, and dmin are given small positive numbers less than one. For example, we set ε = 0.1 to
specify a 10% accuracy (dmin = 10−12 and ε̃ = 10−8). The second case above (very small original
distance) may occur when two compounds in the datasets are similar highly. The greater the ρ
values, the better the mapping and the more information can be inferred from the projected views
of the complex data.

Distance Refinement by TNPACK Minimization. In our algorithm, a l-D mapping of
database is first generated by SVD or PCA. When the accuracy of the SVD/PCA projection is not
high enough (i.e., the value of the percentage ρ defined in (11) is too small), the algorithm goes to
the step of distance refinement: solve the distance-geometry problem (9) by our efficient truncated
Newton program package, TNPACK [24, 27, 28]. Here, the SVD/PCA projection is selected as the
initial iterate of TNPACK, and the TNPACK iterations are carried out until the k-th TNPACK
iterate Y k satisfies

||g(Y k)|| < εg(1 + |E(Y k)|), (14)

where εg is a small positive number (we used 10−5), and g is the gradient vector of E. Such an Y k

defines the l-D projection of the database.
TNPACK was first published in 1992 [24] and updated recently [27, 28]. Our algorithm uses

the new version of TNPACK [27]. One of the features of TNPACK is an application-tailored pre-
conditioner matrix (that approximates the Hessian of the objective function) used to accelerate

8



convergence [26]. This novel preconditioner makes TNPACK an efficient tool for the minimization
of molecular potential functions in comparison to other available minimizers [10, 26]. For the present
applications, we only used a simple preconditioner, namely, the diagonal part of the Hessian, or terms
∂2E(Y1, Y2, . . . , Yn)/∂y2

ik for i = 1, 2, . . . , n and k = 1, 2, . . . , l.

6 The Visualization Program Package

A visualization program package called SIEVER (SIngular Values and Error Refinement) has been
developed. The core computing part of the package is a Fortran 77 program routine of our visualiza-
tion algorithm described in the previous section. The minimization program package TNPACK [27]
and the eigenvalue program package ARPACK [20] are adopted to SIEVER for computing distance
refinements and the eigenvectors required by the PCA and SVD procedures. ARPACK allows users
to compute only the first l eigenvalues and eigenvectors at a complexity of the order nm2 (with
n > m) floating point operations per iteration; storage requirements are of order nl. Hence, it is
effective for our application.

Recently, a web-based graphic interface system was established for SIEVER [32] so that SIEVER
can be used on the Internet. This system has a user-friendly webpage for a user to input datasets
and the initial parameters required by SIEVER, and to receive the graph of the 2D mapping of the
dataset and the 3D structure graphs of compounds that are generated from the home website of
SIEVER. The input dataset is assumed to be in the matrix form (1). The 3D molecular structure
files and bioactivity files are required to be in the same ordering as that of the compounds in the
database. With the 2D mapping graph of the dataset, the user can quickly make similarity sampling
and diversity sampling virtually. By clicking a point of the 2D mapping graph, a compound of
the dataset is selected for sampling, and a graphic window is generated to show the 3D molecular
structure, chemical formula, bioactivities, and other important information of the compound.

The interface system contains the following programs:

• A HTML program to generate a webpage for users to input and receive data on the internet
environment.

• A PERL-CGI program for processing the input data and passing the processed data to the
core computing program. It also triggers the running of the core computing program. This
program uses the CGI (Common Gateway Interface, see http://www.cgi-resources.com) tech-
nology, which is a standard interface for information servers.

• A PERL program for plotting the 2D mapping of dataset with a Linux plotting tool called
Gnu-Plot. The graph of the 2D mapping can be zoomed to view the details. It also carries
out the action of sending the 2D mapping graph to the user’s website.

• A JAVA program for displaying 3D molecular structure and bioactivity information on com-
pounds. The input 3D structure files are in the PDB format, which is a widely-used format for
describing biomolecular structures. This program also sets up a cross link among the 2D map-
ping file, the 3D structure files, and the bioactivity files. Clicking a point of the 2D mapping
graph gives a graphic window that shows the 3D structure of the corresponding compound as
well as its bioactivities and other important chemical properties.

The website of SIEVER is still in construction. As soon as completed, it will be opened to the
public.

7 Application Examples

Many experiments with over ten chemical datasets (of size 58 to 27255 compounds) have been made
to demonstrate the effectiveness of our algorithm in visualizing databases and database analyses
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Table 1: The accuracy of the PCA and PCA/TNPACK mappings as a function of projection di-
mension l for DATASET1 (n = 832, m = 300), along with the performance of the PCA and
PCA-TNPACK (TN) programs. Here the minimization objective function E is defined in (9), and
the accuracy ρ is defined in (11) with η = 0.1.

Final E Accuracy ρ TN CPU time
Dimension l PCA TN PCA TN Itn. PCA (sec.) TN (min.)

2 4.07× 104 1.80× 104 2.45 33.70 8 0.20 0.23
3 3.29× 104 1.06× 104 2.89 44.72 10 0.21 0.42
5 2.32× 104 4.87× 103 7.52 63.16 11 0.33 0.65
8 1.71× 104 2.17× 103 17.07 80.80 14 0.57 1.05
12 1.17× 104 9.68× 102 28.86 93.49 12 0.72 1.63
16 8.83× 103 5.18× 102 42.35 98.12 46 0.88 2.33
20 6.38× 103 3.12× 102 53.10 99.50 29 1.01 2.80
25 4.98× 103 2.01× 102 61.40 99.88 19 3.26 6.13
30 3.51× 103 1.11× 102 71.06 99.99 18 2.80 6.90
35 2.67× 103 7.22× 10 78.42 100 20 2.27 9.00
45 1.73× 103 3.63× 10 87.13 100 16 4.50 6.55
65 7.32× 102 1.01× 10 95.69 100 19 6.28 19.02

[31, 29, 30]. This section only shows three of them. All computations were performed in double
precision on a single R12000 300 MHz processor of an SGI Origin 2000 computer at the New York
University.

7.1 Accuracy as a Function of Projection Dimension

Table 1 shows that the projection accuracy of both PCA alone and the PCA-TNPACK method can
be improved significantly as the projection dimension l increases (data shown for l ranging from 2
to 65). It also shows that the distance refinement step implemented by the TNPACK minimization
algorithm can significantly and efficiently improve the accuracy of the 2D PCA mapping. For
example, in the case of l = 2, the accuracy ρ has increased from about 3 to 34% in about 14 seconds
of CPU time. The accuracy ρ of the PCA-TNPACK mapping is near maximal (ρ = 100%) for l = 20,
while PCA alone requires l = 65 to reach this maximal accuracy. The dataset in this experiment is
called DATASET1,, which contains 832 chemical compounds from MDDR with a list of 300 chemical
descriptors.

7.2 Similarity and Diversity Sampling

From the 2D PCA/TNPACK mapping for DATASET1, we selected four pairs of points that are
close in the projection, as shown in Figure 1, and 12 distant points (letters A to L in Figure 2).
Their corresponding chemical structures are also displayed in these figures. From these figures we
see that the chemical structures of the compounds corresponding to the four pairs of nearby points
have some resemblance, while compounds corresponding to the 12 distant points are more dissimilar.
According to the similar property principle [17] (i.e., the compounds with similar structures have
similar physicochemical and biological properties), we might predict that the 12 distant points belong
to different therapeutic categories, while the compounds corresponding to each pair are in the same
therapeutic category. Except for pair 1, these predictions were confirmed in [30].
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7.3 Structure and Medicinal Activity

To examine the relation between structural features (characterized by chemical descriptors) and
medicinal activities, DATASET2, which has 338 compounds of MDDR with 300 chemical descriptors,
was constructed that contained four different therapeutic groups. The names of the four groups and
the number of compounds in each group are listed in Figure 3.

Figure 3 displays the distribution of the four categories based on the 2D PCA-TNPACK mapping
of DATASET2. The accuracy ρ for η = 0.1 (defined in (11)) of the 2D PCA-TNPACK mapping is
36%. With η = 0.2, we have ρ = 90%. That is, 90% of the distance segments in the PCA/TNPACK
mapping are within 20% of the original distance values. This shows that the PCA-TNPACK mapping
has reasonably approximated the distance relationships presented in DATASET2.

From Figure 3 we note that the anthelmintic (circles, agents that destroy or cause the expulsion
of parasitic intestinal worms) and immunosuppressant (diamonds, agents that depress the immune
response of an organism) groups contain two separate clusters, while the antibacterial group and the
immunostimulant (agents that stimulate an immune response) group are more spread out — perhaps
having some similarities to other compounds. For example, some points from the immunostimulant
group are close to some points from the anthelmintic group as shown in Figure 3. This suggest that
the corresponding drugs may have similar structures and similar medicinal activities.

Based on the mapping figure in Figure 3, we selected eight distant points (two points per group)
as shown in Figure 4. Their chemical structures are also displayed in Figure 4. From this figure
we see that compounds belonging to the same therapeutic group may have very different chemical
structures. Clearly, structural properties are only one factor in determining complex biological
activity.

These numerical results show that the 2D PCA-TNPACK mapping can reasonably retain both
the distance relationships of compounds and the distribution patterns of therapeutic groups. Hence,
the 2D database mapping might be a valuable tool for similarity and diversity sampling of chemical
compounds, and perhaps ultimately for aiding the generation of drug candidates or the optimization
of bioactive compounds.

8 Future Works

Application of the SVD or PCA procedures to large datasets is straightforward, but the minimization
refinement extension remains a challenge. A main difficulty comes from the limitation of computer
memory because the objective function E defined in (10) is defined in terms of two n × n distance
matrices, which requires an order of n2 memory locations for the calculation of E efficiently. A
possible solution to this problem is to divide a huge database as dictated by computer memory; the
refinement procedure could then be applied to each subset of database; finally, a proper assembly
technique is needed to combine appropriately these separate 2D mappings into a global representa-
tion. Another simple way to solve this problem is to define the objective function E by only using
a band distance matrix with a small band width so that the memory requirement is reduced to an
optimal order of n. In addition to these memory issues, how to design an efficient preconditioner for
TNPACK is an important research topic. In fact, the performance of TNPACK for large chemical
datasets can be significantly improved by using a more efficient preconditioner than the simple one
of the current algorithm. We will study these extensions in detail in our subsequent work.
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Figure 1: Four similarity samples (Pair
1 to Pair 4) of chemical compounds
based on the 2D PCA-TNPACK map-
ping of DATASET1 and their chemical
structures.

Figure 2: A diversity sample (A–L) of
chemical compounds based on the 2D
PCA-TNPACK mapping of DATASET1
and their chemical structures.
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Figure 3: The 2D PCA-TNPACK map-
ping for DATASET2 (n = 338,m =
300). Here DATASET2 contains the
four therapeutic groups as indicated in
the figure.

Figure 4: The diversity of chemical com-
pounds belonging to the same therapeu-
tic group.
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