
WO 99/57686
PCT/US99/09963                  System, Method, and Computer Program
Product For               Representing Proximity Data In A
Multi-Dimensional Space                                    Background of
the Invention            Field of the Invention   5               The
present invention is directed to data analysis and, more particularly, to
representation of proximity data in multi-dimensional space.
Related Art                   Multidimensional scaling (MDS) and non-linear
mapping (NLM) are  10     techniques for generating display maps, including
non-linear maps, of objects wherein          the distances between the
objects represent relationships between the objects.                 MDS
and NLM were introduced by Torgerson, Phychometrika, 17:401
(1952); Kruskal, Psychometrika, 29:115 (1964); and Sammon, IEEE Trans.
Comput,          C-18:401 (1969) as a means to generate low-dimensional
representations of  15     psychological data. Multidimensional scaling and
non-linear mapping are reviewed in          Schiffman, Reynolds and Young,
Introduction to Multidimensional Scaling,          Academic Press, New York
(1981); Young and Hamer, Multidimensional Scaling:          History, Theory
and Applications, Erlbaum Associates, Inc., Hillsdale, NJ (1987); and
Cox and Cox, Multidimensional Scaling, Number 59 in Monographs in
Statistics and  20     Applied Probability, Chapman-Hall (1994). The
contents of these publications are          incorporated herein by
reference in their entireties. 



MDS and NLM (these are generally the same, and are hereafter collectively
referred to as MDS) represent a collection of methods for visualizing
proximity          relations of objects by distances of points in a
low-dimensional Euclidean space.  25     Proximity measures are reviewed in
Hartigan, J. Am. Statist. Ass., 62:1140 (1967),          which is
incorporated herein by reference in its entirety.                 In
particular, given a finite set of vectorial or other samples A = {a, i = 1,
k), a relationship function r[err] = r(a[err], a[err]), with a[err], a[err]
A, which measures the similarity               WO 99/57686
PCT/US99/09963                                        -2-         or
dissimilarity between the i-th and j-th objects in A, and a set of images X
= {x[err],        X[err] X[err]    [err]} of A on an m-dimensional display
plane ([err] being the space of all m-        dimensional vectors of real
numbers), the objective is to place x[err] onto the display        plane in
such a way that their Euclidean distances d[err] = [err]x[err] - x[err]
approximate as closely  5     as possible the corresponding values r[err].
This projection, which in many cases can only        be made approximately,
is carried out in an iterative fashion by minimizing an error
function which measures the difference between the original, r[err], and
projected, d[err],        distance matrices of the original and projected
vector sets.             Several such error functions have been proposed,
most of which are of the 10    least-squares type, including Kruskal's
'stress':  [err]        



Sammon's error criterion:  [err]                and Lingoes' alienation
coefficient:  [err]     15
EQ. 3                 WO 99/57686
PCT/US99/09963                                             -3-
where d[err] = [err]x[err] - x[err] is the Euclidean distance between the
images x[err] and x[err] on the        display plane. 



Generally, the solution is found in an iterative fashion by:        (1)
computing or retrieving from a database the relationships r[err]; 5     (2)
initializing the images x[err];        (3)   computing the distances of the
images d[err] and the value of the error function               (e.g. S, E
or K in EQ. 1-3 above);         (4)   computing a new configuration of the
images x[err] using a gradient descent               procedure, such as
Kruskal's linear regression or Guttman's rank-image 10
permutation; and         (5)   repeating steps 3 and 4 until the error is
minimized within some prescribed               tolerance.               For
example, the Sammon algorithm minimizes EQ. 2 by iteratively updating
the coordinates x[err] using Eq 4:    15       [err]
EQ. 4          where m is the iteration number, x[err] is the q-th
coordinate of the p-th image x[err], X is        the learning rate, and
[err]                 The partial derivatives in EQ. 5 are given by:    
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The mapping is obtained by repeated evaluation of EQ. 2, followed by
modification of the coordinates using EQ. 4 and 5, until the error is
minimized within 5     a prescribed tolerance.              The general
refinement paradigm above is suitable for relatively small data        sets
but has one important limitation that renders it impractical for large data
sets.        This limitation stems from the fact that the computational
effort required to compute        the gradients (i.e., step (4) above),
scales to the square of the size of the data set. For 10     relatively
large data sets, this quadratic time complexity makes even a partial 



refinement intractable.               What is needed is a system, method
and computer program product for        representing proximity data in a
multi-dimensional space, that scales favorably with        the number of
objects and that can be applied to both small and large data sets. 15
Moreover, what is needed is a system, method and computer program product
that can        be effective with missing data and/or data containing
bounded or unbounded        uncertainties, noise or errors.
Summary of the Invention                WO 99/57686
PCT/US99/09963                                                 -5-
The present invention is a system, method and computer program product for
representing precise or imprecise measurements of similarity/dissimilarity
(relationships) between objects preferably as distances between points in a
multi-         dimensional space that represent the objects. The algorithm
uses self-organizing  5     principles to iteratively refine an initial
(random or partially ordered) configuration of         points using
stochastic relationship/distance errors. The data can be complete or
incomplete (i.e. some relationships between objects may not be known),
exact or         inexact (i.e. some or all relationships may be given in
terms of allowed ranges or         limits), symmetric or asymmetric (i.e.
the relationship of object A to object B may not 10     be the same as the
relationship of B to A) and may contain systematic or stochastic
errors.                The relationships between objects may be derived
directly from observation,         measurement, a priori knowledge, or
intuition, or may be determined directly or         indirectly using any
suitable technique for deriving proximity (relationship) data. 15
The present invention iteratively analyzes sub-sets of objects in order to
represent them in a multi-dimensional space that represents relationships
between the 



objects.                In an exemplary embodiment, the present invention
iteratively analyzes sub-         sets of objects using conventional
multi-dimensional scaling or non-linear mapping 20      algorithms.
In another exemplary embodiment, relationships are defined as pair-wise
relationships or pair-wise similarities/dissimilarities between pairs of
objects and the         present invention iteratively analyzes a pair of
objects at a time. Preferably, sub-sets         are evaluated pair-wise, as
a double-nested loop. 25              In the following discussion, the
terms relationship, similarity or dissimilarity         is used to denote a
relationship between a pair of objects. The term display map is
used to denote a collection of images on an n-dimensional space that
represents the         original objects. The term distance is used to
denote a distance between images on a         display map that correspond
to the objects. 30              Examples of the present invention are
provided herein, including examples of         the present invention
implemented with chemical compound data and relationships. It
WO 99/57686
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is to be understood, however, that the present invention is not limited to
the examples         presented herein. The present invention can be
implemented in a variety of         applications.                 For
example, while the specific embodiment described herein utilizes  5
distances between points to represent similarity/dissimilarity between
objects, the         invention is intended and adapted to utilize any
display attribute to represent         similarity/dissimilarity between
objects, including but not limited to font, size, color,         grey
scale, italics, underlining, bold, outlining, border, etc. For example, the
similarity/dissimilarity between two objects may be represented by the
relative sizes 10     of points that represent the objects. 



Further features and advantages of the present invention, as well as the
structure and operation of various embodiments of the present invention,
are described         in detail below with reference to the accompanying
drawings.                   WO 99/57686
PCT/US99/09963                                                -7-
Brief Description of the Figures                   The file of this patent
contains at least one drawing executed in color. Copies          of this
patent with color drawing(s) will be provided by the Patent and Trademark
Office upon request and payment of the necessary fee.  5             The
present invention will be described with reference to the accompanying
drawings, wherein:                FIG. 1 illustrates a block diagram of a
computing environment according to an         embodiment of the invention;
FIG. 2 is a block diagram of a computer useful for implementing components
10     of the invention;                FIG. 3 is a flowchart representing
the operation of the invention in visualizing         and interactively
processing display maps according to an embodiment of the
invention;                FIG. 4 is a flowchart representing the manner in
which a display map is 15     generated according to an embodiment of the
invention;                FIG. 5 conceptually illustrates relationships
between objects, wherein the         relationships are known within certain
tolerances;                FIG. 6 is a block diagram of a system for
representing relationships between         objects; and 20             FIG.
7 is a process flowchart illustrating a method for representing
relationships between objects. 



In the drawings, like reference numbers indicate identical or functionally
similar elements. Also, the leftmost digit(s) of the reference numbers
identify the         drawings in which the associated elements are first
introduced.               WO 99/57686
PCT/US99/09963                                            -8-
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WO 99/57686
PCT/US99/09963            I.    Overview of the Present Invention
The present invention is a system, method and computer program product for
representing precise or imprecise measurements of similarity/dissimilarity
(relationships) between objects as distances between points (or using other
display  5     attributes or techniques) in a multi-dimensional space that
represent the objects. The         algorithm uses self-organizing
principles to iteratively refine an initial (random or         partially
ordered) configuration of points using stochastic relationship/distance
errors.         The data can be complete or incomplete (i.e. some
relationships between objects may 



not be known), exact or inexact (i.e. some or all relationships may be
given in terms 10     of allowed ranges or limits), symmetric or asymmetric
(i.e. the relationship of object         A to object B may not be the same
as the relationship of B to A) and may contain         systematic or
stochastic errors.                 The relationships between objects may be
derived directly from observation,         measurement, a priori knowledge,
or intuition, or may be determined directly or 15     indirectly using any
suitable technique for deriving proximity (relationship) data.
The present invention iteratively analyzes sub-sets of objects in order to
represent them in a multi-dimensional space that represent the objects.
In an exemplary embodiment, the present invention iteratively analyzes sub-
sets of objects using conventional multi-dimensional scaling or non-linear
mapping 20      algorithms.                 In another exemplary
embodiment, relationships are defined as pair-wise         relationships or
pair-wise similarities/dissimilarities between pairs of objects and the
present invention iteratively analyzes a pair of objects at a time.
Preferably, sub-sets         are evaluated pair-wise, as a double-nested
loop. 25              In an alternate embodiment, relationships are defined
as N-wise relationships         or N-wise similarities/dissimilarities
between multiple objects, and the present         invention iteratively
analyzes multiple objects at a time, where N is preferably greater
than 1. Implementation of this alternate embodiment will be apparent to
persons         skilled in the relevant art(s).                WO 99/57686
PCT/US99/09963                                                -10-
The term "object" refers to any entity, data, property, attribute,
component,         element, ingredient, item, etc., where it would be
useful to represent the         similarity/dissimilarity between instances
of or different ones of any such entity, data,         property, attribute,
component, element, ingredient, item, etc. Without limitation but 5     by
way of illustration only, objects include, for example, chemical compounds,



processes, machines, compositions of matter, articles of manufacture,
electrical         devices, mechanical devices, financial data, financial
instruments, financial trends,         financial related traits and
characteristics, software products, human traits and
characteristics, scientific properties, traits, and characteristics, etc.
In an embodiment, 10     the invention operates with any entity, data,
property, attribute, component, element,         ingredient, item, etc.,
except chemical compounds.           II.    Sub-Set Selection
The present invention iteratively analyzes sub-sets of objects in order
represent         them in a multi-dimensional space that represent the
relationships between the objects. 15     In an exemplary embodiment, the
present invention iteratively analyzes sub-sets of         objects using
conventional multi-dimensional scaling or non-linear mapping
algorithms. In this embodiment, the objects in a selected sub-set are
analyzed as a         group using a conventional algorithm, such as, but
not limited to, those described         above, for example. In particular,
the coordinates of the images corresponding to the 20      objects
comprising that sub-set are refined using convention multi-dimensional
scaling, non-linear mapping or any other suitable algorithm, or the
pair-wise         refinement algorithm described below.                In
this embodiment, sub-sets of objects can be selected randomly, semi-
randomly, systematically, partially systematically, etc. As sub-sets of
objects are 25      analyzed and their distances are revised, the set of
objects tends to self-organize. In         this way, large data sets can be
accommodated with conventional multi-dimensional         scaling or
non-linear mapping algorithms.                  In another exemplary
embodiment, relationships are defined as pair-wise          relationships
or pair-wise similarities/dissimilarities between pairs of objects and the



WO 99/57686
PCT/US99/09963            present invention iteratively analyzes a pair of
objects at a time. Pairs of objects can          be selected randomly,
semi-randomly, systematically, partially systematically, etc.
Novel algorithms and techniques for pair-wise analysis is provided in the
sections          below. This embodiment is described for illustrative
purposes only and is not  5     limiting.                 In an alternate
embodiment, relationships are defined as N-wise relationships         or
N-wise similarities/dissimilarities between multiple objects, and the
present         invention iteratively analyzes multiple objects at a time,
where N is preferably greater         than 1. Implementation of this
alternate embodiment will be apparent to persons 10     skilled in the
relevant art(s).           III.   Complete Pair-Wise Relationship Matrices
without Uncertainties                   A preferred approach adopted herein
is to use iterative refinement based on         stochastic or instantaneous
errors. The discussion in this section assumes that all pair-         wise
relationships are known, and they are all exact. As in traditional MDS, the
15     method starts with an initial configuration of points generated at
random or by some         other procedure (vide infra). This initial
configuration is then continuously refined by         repeatedly selecting
two points i, j, at random, and modifying their coordinates on the
display map according to EQ. 8:            x[err](t+1) = [err]
EQ. 8    20     where t is the current iteration, x[err](t) and x[err](t)
are the current coordinates of the i-th and         j-th points on the
display map, x[err](t+1) are the new coordinates of the i-th point on the
display map, and r[err] is the pair-wise relationship between the i-th and
j-th objects that 



we attempt to approximate on the display map (vide supra).
[err](.) in EQ. 8 above can assume any functional form. Ideally, this
function 25     should try to minimize the difference between the actual
and target distance between         the i-th and j-th points. For
example,A.) may be given by EQ. 9:                 WO 99/57686
PCT/US99/09963                                               -12-
X[err](t+1)=[err](t[err] X[err],(t),x[err](t),r[err]) =x[err](t)+ 0.5[err]
EQ. 9            where t is the iteration number, d[err] = [err]x[err](t) -
x[err](t)[err], and [err](t) is an adjustable parameter,         referred
to hereafter as the 'learning rate', borrowing from neural network
terminology. This process is repeated for a fixed number of cycles, or
until some  5     global error criterion is minimized within some
prescribed tolerance. A large number         of iterations are typically
required to achieve statistical accuracy.                The method
described above is reminiscent of neural network back-         propagation
training (Werbos, Beyond Regression: New Tools for Prediction and
Analysis in the Behavioral Sciences. PhD Thesis, Harvard University,
Cambridge, 10     MA (1974), and Rumelhart and McClelland, Eds., Parallel
Distributed Processing:         Explorations in the Microstructure of
Cognition. Vol. 1, MIT Press, Cambridge, MA         (1986)) and Kohonen's
self-organizing principle (Kohonen, Biological Cybernetics,         43:59
(1982)).                The learning rate [err](t) in EQ. 9 plays a key
role in ensuring convergence. If [err] is 15     too small, the coordinate
updates are small, and convergence is slow. If, on the other         hand,
[err] is too large, the rate of learning may be accelerated, but the
display map may         become unstable (i.e. oscillatory). Typically,
[err] ranges in the interval [0, 1] and may be 



fixed, or it may decrease monotonically during the refinement process.
Moreover, [err]         may also be a function of i, j and/or r[err], and
can be used to apply different weights to 20     certain objects and/or
relationships. For example, [err] may be computed by:            [err]
[err]           or                 WO 99/57686
PCT/US99/09963                                               -13- [err]
where [err] and [err] are the (unweighted) starting and ending learning
rates such that         [err][0,1], t is the total number of refinement
steps (iterations), t is the current         iteration number, and a is a
constant scaling factor. EQS. 10 and 11 have the effect of  5
decreasing the correction at large separations, thus creating a display map
which         preserves short-range interactions more faithlly than
long-range ones. Weighting is         discussed in greater detail below.
One of the main advantages of this approach is that it makes partial
refinements possible. It is often sufficient that the pair-wise
relationships are 10     represented only approximately to reveal the
general structure and topology of the 



data. Unlike traditional MDS, this approach allows very fine control of the
refinement         process. Moreover, as the display map self-organizes,
the pair-wise refinements         become cooperative, which partially
alleviates the quadratic nature of the problem.                The
embedding procedure described above does not guarantee convergence to 15
the global minimum (i.e. the most faithfull embedding in a least-squares
sense). If so         desired, the refinement process may be repeated a
number of times from different         starting configurations and/or
random number seeds. Generally, the absolute         coordinates in the
display map carry no physical significance. What is important are
the relative distances between points, and the general structure and
topology of the 20      data (presence, density and separation of clusters,
etc.).                The method described above is ideally suited for both
metric and non-metric         scaling. The latter is particularly useful
when the pair-wise relationships do not obey         the distance
postulates and, in particular, the triangle inequality. Although an 'exact'
projection is only possible when the pair-wise relationship matrix is
positive definite, 25      meaningful maps can still be obtained even when
this criterion is not satisfied. As          mentioned above, the overall
quality of the projection is determined by a sum-of-         squares error
function such as those shown in EQ. 1-3.                The general
algorithm described above can also be applied when the pair-wise
relationship matrix is incomplete, i.e. when some of the pair-wise
relationships are                WO 99/57686
PCT/US99/09963                                                -14-
unknown, when some of the pair-wise relationships are uncertain or corrupt,
or both          of the above. These cases are discussed separately below.
IV.   Sparse Pair-Wise Relationship Matrices without Uncertainties  



The general algorithm described above can also be applied when the
pair-wise  5     relationship matrix is incomplete, i.e. when some of the
pair-wise-relationships are         unknown. In this case, a similar
algorithm to-the one described above can be used,         with the
exception that the algorithm iterates over pairs of points for which the
relationships are known. In this case, the algorithm identifies
configurations in space         that satisfy the known pair-wise
relationships; the unknown pair-wise relationships 10     adapt during the
course of refinement and eventually assume values that lead to a
satisfactory embedding of the known relationships.                Depending
on the number of missing data, there may be more than one
satisfactory embeddings (mappings) of the original relationship matrix. In
this case,         different configurations (maps) may be derived from
different starting configurations 15     or random number seeds. In some
applications  such as searching the conformational         space of
molecules, this feature provides a significant advantage over some
alternative         techniques. All variants of the original-algorithm (see
Sections below) can be used in         this context.           V.
Pair-Wise Relationship Matrices with Bounded Uncertainties   20
The general algorithm described above can also be applied when the
pair-wise         relationships contain bounded uncertainties, i.e. when
some of the pair-wise         relationships are only known to within
certain fixed tolerances (for example, the         relationships are known
to lie within a range or set of ranges with prescribed upper         and
lower bounds). In this case, a similar algorithm to the one described above
can be 25     used, with the exception that the distances on the display
map are corrected only when         the corresponding points lie outside
the prescribed bounds. For example, assume that         the relationship
between two objects, i and j, is given in terms of an upper and lower
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bound, r[err] and r[err], respectively. When this pair of objects is
selected during the         course of the refinement, the distance of the
corresponding images on the display map         is computed, and denoted as
d[err]. If d[err] is larger than r[err], the coordinates of the images
are updated using r[err] as the target distance (Eq. 12):     5
X[err]                                EQ. 12                    Conversely,
if d[err] is smaller than r[err], the coordinates of the images are updated
using r[err] as the target distance (Eq. 13):            X[err] (t + 1)
=[err]                                   EQ. 13            If d[err] lies
between the upper and lower bounds (i.e. if r[err]   d[err]   r[err]), no
correction is 10     made. In other words, the algorithm attempts to match
the upper bound if the current         distance between the images is
greater than the upper bound, or the lower bound if the         current
distance between the images is lower than the lower bound. If the distance
between the images lies within the upper and lower bounds, no correction is
made.                 This algorithm can be extended in the case where some
of the pair-wise 15     relationships are given by a finite set of allowed
discrete values, or by a set of ranges         of values, or some
combination thereof. For the purposes of the discussion below, we
consider discrete values as ranges of zero width (e.g. the discrete value
of 2 can be         represented as the range [2,2]).
Various possibilities for a single hypothetical pair-wise relationship and
the 20     current distance of the corresponding images on the display map
are illustrated in FIG. 



5, where shaded areas 510, 512 and 514 denote allowed ranges for a given
pair-wise         relationship. Distances d1-d5 illustrate 5 different
possibilities for the current distance         between the corresponding
images on the display map. Arrows 516, 518, 520 and 522         indicate
the direction of the correction that should be applied on the images on the
25     map. Arrows 518 and 522 point to the left, indicating that the
coordinates of the                WO 99/57686
PCT/US99/09963                                                -16-
associated images on the display map should be updated so that the images
come         closer together. Arrows 516 and 520 point to the right,
indicating that the coordinates         of the associated images should be
updated so that the images become more distant.                As in the
case of a single range, if the current distance of a selected pair of  5
images on the display map lies within any of the prescribed ranges, no
coordinate         update takes place (i.e., case dl in FIG. 5). If not,
the correction is applied using the         nearest range boundary as the
target distance (i.e., cases d2-d5 in FIG. 5). For         example, if the
relationship between a given pair of objects lies in the ranges [1,2],
[3,5] and [6,7] and the current distance of the respective images is 2.9
(d5 in FIG. 5), 10     the correction takes place using 3 as the target
distance (r[err]) in Eq. 8. If, however, the         current distance is
2.1, the coordinates are updated using 2 as the target distance (r[err]) in
Eq. 8.                This deterministic criterion may be replaced by a
stochastic or probabilistic         one in which the target distance is
selected either randomly or with a probability that 15     depends on the
difference between the current distance and the two nearest range
boundaries. In the example described above (d5 in FIG. 5), a probabilistic
choice         between 2 and 3 as a target distance could be made, with
probabilities of, for example,         0.1 and 0.9, respectively (that is,
2 could be selected as the target distance with         probability 0.1,
and 3 with probability 0.9). Any method for deriving such 20
probabilities can be used. Alternatively, either 2 or 3 could be chosen as
the target         distance at random. 



For example, bounded uncertainties in the pair-wise relationships may
represent stochastic or systematic errors or noise associated with a
physical         measurement, and can, in general, differ from one
pair-wise relationship to another. A 25     typical example are the Nuclear
Overhauser Effects (NOE's) in multi-dimensional         Nuclear Magnetic
Resonance spectrometry.                 An alternative algorithm for
dealing with uncertainties is to reduce the         magnitude of the
correction for pairs of objects whose relationship is thought to be
uncertain. In this scheme, the magnitude of the correction, as determined
by the 30      learning rate in Eq. 9, for example, is reduced for
pair-wise relationships which are          thought to be uncertain. The
magnitude of the correction may depend on the degree of                 WO
99/57686
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uncertainty associated with the corresponding pair-wise relationship (for
example, the          magnitude of the correction may be inversely
proportional to the uncertainty          associated with the corresponding
pair-wise relationship). If the existence and/or          magnitude of the
errors is unknown, then the errors can be determined automatically  5
by the algorithm. (see Section V below).            VI.   Pair-Wise
Relationship Matrices with Unbounded Uncertainties (Corrupt
Data)                   The ideas described in the preceding Sections can
be applied when some of the          pair-wise relationships are thought to
contain corrupt data, that is when some of the 10     pair-wise
relationships are incorrect and bear essentially no relationship to the
actual          values. In this case, 'problematic' relationships can be
detected during the course of          the algorithm, and removed from
subsequent processing. In other words, the objective 



is to identify the corrupt entries and remove them from the relationship
matrix. This          process results in a sparse relationship matrix,
which can be refined using the 15     algorithm in Section 1.2 above.
VII. Modifications of the Basic Algorithm                   In many cases,
the algorithm described above may be accelerated by pre-         ordering
the data using a suitable statistical method. For example, if the
proximities         are derived from data that is available in vectorial or
binary form, the initial 20     configuration of the points on the display
map may be computed using Principal         Component Analysis. In a
preferred embodiment, the initial configuration may be         constructed
from the first 3 principal components of the feature matrix (i.e. the 3
latent variables which account for most of the variance in the data). In
practice, this         technique can have profound effects in the speed of
refinement. Indeed, if a random 25     initial configuration is used, a
significant portion of the training time is spent         establishing the
general structure and topology of the display map, which is typically
characterized by large rearrangements. If, on the other hand, the input
configuration is                WO 99/57686
PCT/US99/09963                                                -18-
partially ordered, the error criterion can be reduced relatively rapidly to
an acceptable         level.                If the data is highly
clustered, by virtue of the sampling process low-density         areas may
be refined less effectively than high-density areas. In an exemplary 5
embodiment, this tendency may be partially compensated by a modification to
the         original algorithm which increases the sampling probability in
low-density areas. In         one embodiment, the center of mass of the
display map is identified, and concentric 



shells centered at that point are constructed. A series of regular
refinement iterations         are then carried out, each time selecting
points from within or between these shells. 10     This process is repeated
for a prescribed number of cycles. This phase is then         followed by a
phase of regular refinement using global sampling, and the process is
repeated.                Generally, the basic algorithm does not
distinguish short-range distances from         long-range distances. EQ. 10
and 11 describe a method to ensure that short-range 15     distances are
preserved more faithfully than long-range distances through the use of
weighting.                An alternative (and complementary) approach is to
ensure that points at close         separation are sampled more extensively
than points at long separation. For example,         an alternating
sequence of global and local refinement cycles, similar to the one 20
described above, can be employed. In this embodiment, a phase of global
refinement         is initially carried out, after which, the resulting
display map is partitioned into a         regular grid. The points
(objects) in each cell of the grid are then subjected to a phase         of
local refinement (i.e. only points from within the same cell are compared
and         refined). Preferably, the number of sampling steps in each cell
should be proportional 25     to the number of points contained in that
cell. This process is highly parallelizable.         This local refinement
phase is then followed by another global refinement phase, and         the
process is repeated for a prescribed number of cycles, or until the
embedding error         is minimized within a prescribed tolerance.
Alternatively, the grid method may be         replaced by another suitable
method for identifying proximal points, such as a k-d 30     tree, for
example.                  WO 99/57686
PCT/US99/09963                                                 -19-
The methods described herein may be used for incremental refinement. That
is, starting from an organized display map of a set of point, a new set of
points may be          added without modification of the original map.
Strictly speaking, this is statistically 



acceptable if the new set of points is significantly smaller than the
original set. In an   5     exemplary embodiment, the new set of points may
be 'diffused' into the existing map,          using a modification of the
basic algorithm described above. In particular, EQ. 8 and 9          can be
used to update only the incoming points. In addition, the sampling
procedure          ensures that the selected pairs contain at least one
point from the incoming set. That          is, two points are selected at
random so that at least one of these points belongs to the  10    incoming
set. Alternatively, each new point may be diffused independently using the
approach described above.            VIII. Evaluation Properties
(Features), Relationships and Distance Measures                   In an
exemplary embodiment, relationships between objects may be
represented as similarities/dissimilarities between the objects on a
display map and 15     may be derived from properties or features
associated with the objects. Any similarity          measure can be used to
construct the display map. The properties or features that are
being used to evaluate similarity or dissimilarity are sometimes herein
collectively          called "evaluation properties."                 For
example, if the objects are chemical compounds, similarity between 20
objects can be based on structural similarity, chemical similarity,
physical similarity,          biological similarity, and/or some other type
of similarity measure which can be          derived from the structure or
identity of the compounds.                  A.   Evaluation Properties
Having Continuous or Discrete Real Values                  Similarity
measures may be derived from a list of evaluation properties 25
associated with a set of objects. For example, if the objects are chemical
compounds,         evaluation properties can be physical, chemical and/or
biological properties associated         with a set of chemical compounds.
Under this formalism, the objects can be    
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represented as vectors in multi-variate property space, and their
similarity may be         computed by some geometrical distance measure.
In an exemplary embodiment, the property space is defined using one or more
features or descriptors. For the chemical compound example, the property
space can  5     be defined using one or more molecular features or
descriptors. Such molecular         features may include topological
indices, physicochemical properties, electrostatic         field
parameters, volume and surface parameters, etc. These features can include,
but         are not limited to, molecular volume and surface areas, dipole
moments, octanol-water         partition coefficients, molar
refractivities, heats of formation, total energies, ionization 10
potentials, molecular connectivity indices, 2D and 3D auto-correlation
vectors, 3D         structural and/or pharmacophoric parameters, electronic
fields, etc.                It should be understood, however, that the
present invention is not limited to         this embodiment. For example,
molecular features may include the observed         biological activities
of a set of compounds against an array of biological targets such 15     as
enzymes or receptors (also known as affinity fingerprints). In fact, any
vectorial         representation of chemical data can be used in the
present invention.                It should also be understood that the
present invention is not limited to         application with chemical
compound objects. Instead, the present invention can be         implemented
with any data set or objects, including objects that are associated with 20
evaluation properties that have continuous or discrete real values.
1.    Relationships or Distance Measures Where Values of
Evaluation Properties Are Continuous or Discrete Real
Numbers                   A "distance measure" is some algorithm or
technique used to determine a 25     relationship between objects, based on
selected evaluation properties. The particular 



distance measure that is used in any given situation depends, at least in
part, on the set          of values that the evaluation properties can
take.                 For example, where the evaluation properties can take
real numbers as values,         then a suitable distance measure is the
Minkowski metric, shown in EQ. 14:                 WO 99/57686
PCT/US99/09963                                               -21-  [err]
where k is used to index the elements of the property vector, and
re[1,[err]). For r = 1.0,          EQ. 14 is the city-block or Manhattan
metric. For r = 2.0, EQ. 14 is the ordinary          Euclidean metric. For
r = [err], EQ. 14 is the maximum of the absolute coordinate   5
distances, also referred to as the 'dominance' metric, the 'sup' metric, or
the          'ultrametric' distance. For any value of r[err][1, [err]], it
can be shown that the Minkowski          metric is a true metric, i.e. it
obeys the distance postulates and, in particular, the          triangle
inequality.                  B.    Evaluation Properties Having Binary
Values   10            Alternatively, the evaluation properties of the
objects can be represented in a          binary form, where bits are used
to indicate the presence or absence, or potential          presence or
absence, of features or characteristics. 



For example, if the objects are chemical compounds, the objects can be
encoded using substructure keys where each bit denotes the presence or
absence of a 15     specific structural feature or pattern in the target
molecule. Such features can include,         but are not limited to, the
presence, absence or minimum number of occurrences of a         particular
element (e.g. the presence of at least 1, 2 or 3 nitrogen atoms), unusual
or         important electronic configurations and atom types (e.g.
doubly-bonded nitrogen or         aromatic carbon), common functional
groups such as alcohols, amines etc, certain 20     primitive and composite
rings, a pair or triplet of pharnacophoric groups at a         particular
separation in 3-dimensional space, and 'disjunctions' of unusual features
that are rare enough not to worth an individual bit, yet extremely
important when they         do occur. Typically, these unusual features are
assigned a common bit that is set if         any one of the patterns is
present in the target molecule. 25             Alternatively, evaluation
properties of compounds may be encoded in the form         of binary
fingerprints, which do not depend on a predefined fragment or feature
WO 99/57686                                           PCT/US99/09963
-22-         dictionary to perform the bit assignment. Instead, every
pattern in the molecule up to a        predefined limit is systematically
enumerated, and serves as input to a hashing        algorithm that turns
'on' a small number of bits at pseudo-random positions in the
bitmap. Although it is conceivable that two different molecules may have
exactly the  5    same fingerprint, the probability of this happening is
extremely small for all but the        simplest cases. Experience suggests
that these fingerprints contain sufficient        information about the
molecular structures to permit meaningful similarity        comparisons.
1.   Distance Measures Where Values of Evaluation Properties 10
Are Binary 



A number of relationship measures can be used with binary descriptors
(i.e.,       where evaluation properties are binary or binary
fingerprints). The most frequently       used ones are the normalized
Hamming distance:  [err]     15    which measures the number of bits that
are different between x and y, the Tanimoto or       Jaccard coefficient:
[err]           which is a measure of the number of substructures shared by
two molecules relative to       the ones they could have in common, and the
Dice coefficient:   [err]                  WO 99/37686
PCT/US99/09963                                               -23-
In the equations listed above, AND(x, y) is the intersection of binary sets
x and 



y (bits that are 'on' in both sets), IOR(x, y) is the union or 'inclusive
or' of x and y          (bits that are 'on' in either x or y), XOR is the
'exclusive or' of x and y (bits that are          'on' in either x or y,
but not both), [err]x[err] is the number of bits that are 'on' in x, and N
is  5     the length of the binary sets measured in bits (a constant).
Another popular metric is the Euclidean distance which, in the case of
binary         sets, can be recast in the form:  [err]    10         where
NOT(y) denotes the binary complement of y. The expression IXOR(x,
NOT(y))1 represents the number of bits that are identical in x and y
(either 1's or 0's).         The Euclidean distance is a good measure of
similarity when the binary sets are         relatively rich, and is mostly
used in situations in which similarity is measured in a 15     relative
sense.                In the compound example, the distance between objects
can be determined         using a binary or multivariate representation.
However, the present invention is not         limited to this embodiment.
For example, the similarity between two compounds may be determined by 20
comparing the shapes of the molecules using a suitable 3-dimensional
alignment         method, or it may be inferred by a similarity model
defined according to a prescribed         procedure. For example, one such
similarity model may be a neural network trained to         predict a
similarity coefficient given a suitably encoded pair of compounds. Such a
neural network may be trained using a training set of structure pairs and a
known 25     similarity coefficient for each such pair, as determined by
user input, for example.                  C     Scaling of Evaluation
Properties                  Referring back to EQ. 14, features (i.e.,
evaluation properties) may be scaled         differently to reflect their
relative importance in assessing the relationship between 
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compounds. For example, a property A can be assigned a weight of 2, and a
property        B. can be assigned a weight of 10. Property B will thus
have five times more impact        on the relationship calculation than
Property A.               Accordingly, EQ. 14 can be replaced by EQ. 19:
[err]              where wk is the weight of the k-th property. An example
of such a weighting factor is         a normalization coefficient. However,
other weighting schemes may also be used.               The scaling
(weights) need not be uniform throughout the entire map, i.e. the
resulting map need not be isomorphic. Hereafter, maps derived from uniform
weights 10     shall be referred to as globally weighted (isomorphic),
whereas maps derived from         non-uniform weights shall be referred to
as locally weighted (non-isomorphic). On         locally-weighted maps, the
relationships (or distances) on the display map reflect a         local
measure of similarity. That is, what determines similarity in one domain of
the         display map is not necessarily the same with what determines
similarity on another 15     domain of the display map.                For
example, locally-weighted maps may be used to reflect similarities derived
from a locally-weighted case-based learning algorithm. Locally-weighted
learning         uses locally weighted training to average, interpolate
between, extrapolate from, or         otherwise combine training data. Most
learning methods (also referred to as modeling 



20     or prediction methods) construct a single model to fit all the
training data. Local         models, on the other hand, attempt to fit the
training data in a local region around the         location of the query.
Examples of local models include nearest neighbors, weighted
average, and locally weighted regression. Locally-weighted learning is
reviewed in         Vapnik, in Advances in Neural Information Processing
Systems, 4:831, Morgan- 25     Kaufman, San Mateo, CA (1982); Bottou and
Vapnik, Neural Computation, 4(6):888         (1992); and Vapnik and Bottou,
Neural Computation, 5(6):893 (1993), all of which         are incorporated
herein by reference in their entireties.                  WO 99/57686
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Display maps can also be constructed from a relationship matrix that is not
strictly symmetric, i.e. a relationship matrix where r[err]   r[err]. A
potential use of this          approach is in situations where a
relationship (i.e., relationship function) is defined          locally, for
example, in a locally weighted model using a point-based local distance   5
function. In this embodiment, each training case is associated with a
distance function          and the values of the corresponding parameters.
Preferably, to construct a display map          which reflects these local
distance relationships, the distance between two points is
evaluated twice, using the local distance functions of the respective
points. The          resulting distances are averaged, and are used as
input in the display mapping 10     algorithm described above. If the
point-based local distance functions vary in some          continuous or
semi-continuous fashion throughout the feature space, this approach
could potentially lead to a meaningful projection.            IX.
Implementation of the Invention                   A.    Generally 



15             The invention can be implemented in a variety of ways, using
a variety of          algorithms and can be implemented using hardware,
software, firmware or any          combination thereof. Referring to FIG.
6, an exemplary block diagram illustrates          modules and data flow
that can be included in a system 610 that implements the          present
invention.  The block diagram  of FIG. 6 is intended to aid in the 20
understanding of the present invention. The present invention is not
limited to the         exemplary embodiment illustrated in the block
diagram of FIG. 6.                System 610 includes a relational database
612 that stores relationship data 630         associated with objects.
Types of data and associated relationships that can be         accommodated
by relational database 612 are without bounds, as the present invention 25
can be implemented with any type of data for which relationships can be
defined.                 Relationship data 630 can be provided from one or
more of a variety of         sources. For example, relationship 630a can be
provided by an external source 632,         relationship 630b can be
provided from other sources 640 and relationship data 630n
WO 99/57686
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can be generated by an optional relationship generator module 634, based
upon         evaluation properties 636. Optional relationship generator
module 634 can include         hardware, software, firmware or any
combination thereof for executing one or more         algorithms such as,
for example, one or more of equations 14-19.  5             Relationship
data 630 is provided to a coordinate module 616.  In an         exemplary
embodiment, relationship 630 is provided to coordinated module 616 as a
relationship matrix 614, which is preferably a matrix that stores any
amount of         relationship data 630 from the relationship database 612.
Coordinate module 616 assigns initial coordinates to data points or objects
that 



10     are related by relationship data 630. The initial coordinates can be
assigned at random         or through any other technique. For example, the
data can be pre-ordered or partially         ordered. The coordinates
comprise a display map. The display map can be a linear or         display
display map. The display map is an n-dimensional display map.
Relationship/coordinate sub-sets 618 and associated relationships 620 are
15     provided to a coordinate revision module 622. In an exemplary
embodiment, one         relationship/coordinate sub-set 618 is provided to
coordinate revision module 622 at a         time.                A sub-set
selector module 636 can be provided to select
relationship/coordinate sub-sets 618 to be provided to coordinate revision
module 20     622. Sub-set selector module 636 can select
relationship/coordinate sub-sets 618 at         random or through any other
suitable method, including one or more of the methods         described
above.                Coordinate revision module 622 revises positions of
the objects on the display         map (i.e, revises coordinates 618) based
on precise or imprecise measurements of 25     similarity/dissimilarity
(relationships 620). More specifically, coordinate revision         module
622 measures distances between objects on the display map and compares
them to associated relationships 620. Coordinate revision module 622 then
revises         coordinates 618 based on the comparisons. Such distances
can be used directly, or to         modify other display attributes. 30
Coordinate revision module 622 can include hardware, software, firmware or
any combination thereof for executing one or more conventional
multi-dimensional                  WO 99/57686
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scaling or non-linear mapping algorithms as described above.  In addition,
or          alternatively, coordinate revision module 622 can include
hardware, software,          firmware or any combination thereof for
executing one or more novel algorithms for          pair-wise analysis such
as, for example, one or more of equations 8 through 13, or 



5     variations thereof.                 When coordinate revision module
622 performs pair-wise analyses as          described above, it can apply
the learning rate [err] to ensure convergence of the distance
between coordinates in relationship/coordinate sub-sets 618 and the
associated          relationship(s) 620. Coordinate revision module 622 can
be designed to represent 10     precise or imprecise measurements of
similarity/dissimilarity (relationships 620). For          example,
coordinate revision module 622 can be programmed to handle complete
pair-wise matrices that do not have uncertainties, sparse pair-wise
matrices that do not          have uncertainties, pair-wise matrices that
include bounded uncertainties, and pair-          wise matrices that
include unbounded uncertainties (i.e., corrupt data), or any 15
combination thereof. Coordinate revision module 622 can also be programmed
to          diffuse additional objects or data points into a set of
objects, as described above.                Coordinate revision module 622
generates revised coordinates 624, which are         returned to coordinate
module 616. This process is repeated for additional sub-sets of
coordinates 618 and associated relationships 620, and is preferably
repeated on the 20     same relationship/coordinate sub-sets 618 and
associated relationships 620, until a         prescribed tolerance or some
other criteria is met.                In an exemplary embodiment, where
visualization of the relationships between         objects is desired,
coordinates 626 can be provided to an optional visualization         module
628 for display. As the iterative process of the invention continues,
revised 25     coordinates 626 are provided to optional visualization
module 628.                  B.   Implementation of the Invention in a
Computer Program Product                  The present invention can be
implemented using one or more computers.         Referring to FIG. 2, an
exemplary computer 202 includes one or more processors,         such as
processor 204. Processor 204 is connected to a communication bus 206.



WO 99/57686
PCT/US99/09963                                                -28-
Various software embodiments are described in terms of this example
computer         system. After reading this description, it will become
apparent to a person skilled in         the relevant art(s) how to
implement the invention using other computer systems         and/or
computer architectures.  5             Computer 202 also includes a main
memory 208, preferably random access         memory (RAM), and can also
include one or more secondary storage devices 210.         Secondary
storage devices 210 can include, for example, a hard disk drive 212 and/or
a removable storage drive 214, representing a floppy disk drive, a magnetic
tape drive,         an optical disk drive, etc. Removable storage drive 214
reads from and/or writes to a 10     removable storage unit 216 in a well
known manner. Removable storage unit 216         represents a floppy disk,
magnetic tape, optical disk, etc., which is read by and written         to
by removable storage drive 214. Removable storage unit 216 includes a
computer         usable storage medium having stored therein computer
software and/or data.                In alternative embodiments, the
computer 202 can include other similar means 15     for allowing computer
programs or other instructions to be loaded into computer 202.         Such
means can include, for example, a removable storage unit 220 and an
interface         218. Examples of such can include a program cartridge and
cartridge interface (such         as that found in video game devices), a
removable memory chip (such as an EPROM,         or PROM) and associated
socket, and other removable storage units 220 and 20     interfaces 218
which allow software and data to be transferred from the removable
storage unit 220 to computer 202.                The computer 202 can also
include a communications interface 222.         Communications interface
222 allows software and data to be transferred between         computer 202
and external devices. Examples of communications interface 222 25
include, but are not limited to a modem, a network interface (such as an
Ethernet         card), a communications port, a PCMCIA slot and card, etc.
Software and data         transferred via communications interface 222 are
in the form of signals (typically data         on a carrier) which can be
electronic, electromagnetic, optical or other signals capable         of
being received by communications interface 222. 30             In this
document, the term "computer program product" is used to generally
refer to media such as removable storage units 216, 220, a hard drive 212
that can be  
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removed from the computer 202, and signals carrying software received by
the         communications interface 222. These computer program products
are means for         providing software to the computer 202.
Computer programs (also called computer control logic) are stored in main
5     memory and/or secondary storage devices 210. Computer programs can
also be         received via communications interface 222.  Such computer
programs, when         executed, enable the computer 202 to perform the
features of the present invention as         discussed herein. In
particular, the computer programs, when executed, enable the
processor 204 to perform the features of the present invention.
Accordingly, such 10     computer programs represent controllers of the
computer 202.                In an embodiment where the invention is
implemented using software, the         software can be stored in a
computer program product and loaded into computer 202         using
removable storage drive 214, hard drive 212, and/or communications
interface         222. The control logic (software), when executed by the
processor 204, causes the 15     processor 204 to perform the functions of
the invention as described herein.                In another embodiment,
the automated portion of the invention is implemented         primarily or
entirely in hardware using, for example, hardware components such as
application specific integrated circuits (ASICs). Implementation of the
hardware state         machine so as to perform the functions described
herein will be apparent to persons 20     skilled in the relevant art(s).
In yet another embodiment, the invention is implemented using a combination
of both hardware and software.                The computer 202 can be any
suitable computer, such as a computer system         running an operating
system supporting a graphical user interface and a windowing 25
environment. A  suitable computer system  is a Silicon Graphics, Inc. (SGI)
workstation/server, a Sun workstation/server, a DEC workstation/server, an
IBM         workstation/server, an IBM compatible PC, an Apple Macintosh,
or any other suitable 



computer system, such as one using one or more processors from the Intel
Pentium         family, such as Pentium Pro or Pentium II. Suitable
operating systems include, but 30     are not limited to, IRIX, OS/Solaris,
Digital Unix, AIX, Microsoft Windows 95/NT,         Apple Mac OS, or any
other operating system. For example, in an exemplary                 WO
99/57686
PCT/US99/09963                                                -30-
embodiment the program may be implemented and run on an Silicon Graphics
Octane         workstation running the IRIX 6.4 operating system, and using
the Motif graphical user         interface based on the X Window System.
C.    Operation of the Present Invention   5             Referring to FIG.
7, operation of the present invention is illustrated in a         process
flowchart 700. Operation of the present invention is illustrated for a
general         case where a relationship matrix 614 is a complete
pair-wise relationship matrix         without uncertainties. Based upon the
descriptions above and process flowchart 700,         one skilled in the
relevant art(s) will be able to modify process flowchart 700 to 10
accommodate other situations such as, for example: where a relationship
matrix 614 is         a sparse n-wise or pair-wise relationship matrix
without uncertainties; where a         relationship matrix 614 is a n-wise
or pair-wise relationship matrix with bounded         uncertainties; where
a relationship matrix 614 is a pair-wise relationship matrix with
unbounded uncertainties (i.e., corrupt data); etc. 15             The
process for a general case where a relationship matrix 614 is a complete
pair-wise relationship matrix without uncertainties begins at step 702,
where         coordinate module 616 receives relationship matrix 614 from
relationship database         612. 



In step 704, coordinate module 616 assigns initial coordinates to objects
20     associated with relationships in relationship matrix 614. Assignment
of initial         coordinates can be done randomly. Alternatively, initial
coordinates can be pre-         ordered or partially pre-ordered.
In step 706, a relationship/coordinate sub-set 618 is selected from
relationship         matrix 614 for revision. Sub-set 618 can be selected
randomly, semi-randomly, 25     systematically, partially systematically,
etc., by sub-set selector 638.                In step 708, the selected
sub-set 618 and an associated relationship 620 are         provided to
coordinate revision module 622. Coordinate revision module 622 revises
coordinates in relationship/coordinate sub-set 618, based upon the
associated         relationships 620.                  WO 99/57686
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In step 710, a determination is made whether to select another sub-set for
coordinate revision. If another relationship/coordinate sub-set 618 is to
be revised,         processing returns to step 706 for selection of another
relationship/coordinate sub-set         618. Otherwise, processing stops at
step 712.  5             In an optional exemplary embodiment, coordinates
626 are provided in step         714 to optional visualization module 628
for display. Step 714 can be performed at         any time during one or
more of steps 706-1712.                In another optional exemplary
embodiment, relationship data 630 is generated         prior to step 702.
In this optional exemplary embodiment, evaluation properties 636 10     are
received in step 716. In step 718, relationship generator 634 generates
relationship         data 630 from the evaluation properties. In step 720,
relationship data 630 is provided         to relationship database 612.
Processing proceeds to step 702, where relationship data 630 is provided to
coordinate module in the form of relationship matrix 614. 



15         X     Example of the Invention                  The present
invention can be implemented in a variety of applications and with
a variety of types of data. In an exemplary embodiment, the present
invention can be         implemented as a system, method, and/or computer
program product for visualizing 20     and interactively analyzing data
relating to chemical compounds, where distances         between objects in
a multi-dimensional space represent similarities and/or
dissimilarities of the corresponding compounds (relative to selected
properties or         features of the compounds) computed by some
prescribed method. The resulting maps         can be displayed on a
suitable graphics device (such as a graphics terminal, for 25     example),
and interactively analyzed to reveal relationships between the data, and to
initiate an array of tasks related to these compounds.                A
user can select a plurality of compounds to map, and a method for
evaluating similarity/dissimilarity between the selected compounds. A
display map         can be generated in accordance with the selected
compounds and the selected method. 30     The display map has a point for
each of the selected compounds, wherein a distance                 WO
99/57686
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between any two points is representative of similarity/dissimilarity
between the         corresponding compounds. A portion of the display map
is then displayed. Users are         enabled -to interactively analyze
compounds represented in the display map.         Alternatively, all pints
can each correspond to multiple compounds or objects. 5             FIG. 1
is a block diagram of a computing environment 102 according to an
exemplary embodiment of the present invention.                A chemical
data visualization and interactive analysis module 104 includes a
map generating module 106 and one or more auxiliary user interface
components 108. 



The map generating module 106 determines similarities between chemical
compounds 10     relative to one or more selected properties or features
(herein sometimes called         evaluation properties or features) of the
compounds. The map generating module 106         performs this function by
retrieving and analyzing data on chemical compounds and         reagents
from one or more databases 120.                The chemical data
visualization and interactive analysis module 104 15     communicates with
the one or more databases 120 via a communication medium 118.         The
communication medium 118 is preferably any type of data communication
means, such as a data bus, a computer network, etc.                The user
interface modules 108 displays a preferably 2D or 3D display map on
a suitable graphics device. The user interface modules 108 enable human
operators to 20     interactively analyze and process the information in
the display map so as to reveal         relationships between the data, and
to initiate an array of tasks related to the         corresponding
compounds.                The user interface modules 108 enable users to
organize compounds as         collections (representing, for example, a
combinatorial library).  Information 25     pertaining to compound
collections are preferably stored in one or more databases         120.
Input Device(s) 114 receive input (such as data, commands, queries, etc.)
from         human operators and forward such input to, for example, the
chemical data         visualization and interactive analysis module 104 via
the communication medium 30     118. Any well known, suitable input device
can be used in the present invention, such         as a keyboard, pointing
device (mouse, roller ball, track ball, light pen, etc.), touch
WO 99/57686
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screen, voice recognition, etc. User input can also be stored and then
retrieved, as         appropriate, from data/command files. 



Output Device(s) 116 output information to human operators. Any well
known, suitable output device can be used in the present invention, such as
a monitor,  5     a printer, a floppy disk drive or other storage device, a
text-to-speech synthesizer, etc.                Chemical data visualization
and interactive analysis module 104 can interact         with one or more
computing modules 122 via the communication medium 118.
Components shown in the computing environment 102 of FIG. 1 (such as the
chemical data visualization and interactive analysis module 104) can be
implemented 10     using one or more computers, such as an example computer
202 shown in FIG. 2.                  A.    Operation of the Exemplary
Embodiment                  The operation of the present invention as
implemented for visualizing and         interactively processing chemical
compounds in a display map shall now be described         with reference to
a flowchart 302 shown in FIG. 3. Unless otherwise specified, 15
interaction with users described below is achieved by operation of the user
interface         modules 108 (FIG. 1).                In step 304, the
user selects one or more compounds to map in a new display         map. The
user may select compounds to map by retrieving a list of compounds from
a file, by manually typing in a list of compounds, and/or by using a
graphical user 20     interface (GUI). The invention envisions other means
for enabling the user to specify         compounds to display in a display
map.                In step 306, the user selects a method to be used for
evaluating the molecular         similarity or dissimilarity between the
compounds selected in step 304. In an         embodiment, the
similarity/dissimilarity between the compounds selected in step 304 25
is determined (in step 308) based on a prescribed set of evaluation
properties. As         described above, evaluation properties can be any
properties related to the structure,         function, or identity of the
compounds selected in step 304. Evaluation properties         include, but
are not limited to, structural properties, functional properties, chemical
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properties, physical properties, biological properties, etc., of the
compounds selected         in step 304.                In an embodiment of
the present invention, the selected evaluation properties         may be
scaled differently to reflect their relative importance in assessing the 5
proximity (i.e., similarity or dissimilarity) between two compounds.
Accordingly,         also in step 306, the user selects a scale factor for
each of the selected evaluation         properties. Note that such
selection of scale factors is optional. The user need not         select a
scale factor for each selected evaluation property. If the user does not
select a         scale factor for a given evaluation property, then that
evaluation property is given a 10     default scale factor, such as unity.
Alternatively in step 306, the user can elect to retrieve
similarity/dissimilarity         values pertaining to the compounds
selected in step 304 from a source, such as a         database. These
similarity/dissimilarity values in the database were previously
generated. In another embodiment, the user in step 306 can elect to
determine 15     similarity/dissimilarity values using any well-known
technique or procedure.                In step 308, the map generating
module 106 generates a new display map.         This new display map
includes a point for each of the compounds selected in step 304.
Also, in this new display map, the distance between any two points is
representative         of the similarity/dissimilarity of the corresponding
compounds. The manner in which 20     the map generating module 106
generates the new display map shall now be further         described with
reference to a flowchart 402 in FIG. 4.                 In step 404,
coordinates on the new display map of points corresponding to the
compounds selected in step 304 are initialized.                 In step
406, two of the compounds i, j selected in step 304 are selected for 25
processing.                 In step 408, similarity/dissimilarity r[err]
between compounds i, j is determined         based on the method selected
by the user in step 306.                 In step 410, based on the
similarity/dissimilarity r[err] determined in step 408,         coordinates
of points corresponding to compounds i, j on the display map are 30
obtained.                 In step 412, training/learning parameters are
updated. 
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In step 414, a decision is made as to terminate or not terminate. If a
decision          is made to not terminate at this point, then control
returns to step 406. Otherwise, step          416 is performed.
In step 416, the display map is output (i.e., generation of the display map
is  5     complete).                 Details regarding the steps of
flowchart 402 are discussed above.          Referring again to FIG. 3, in
step 312 the map viewer 112 displays the new display          map on an
output device 116 (such as a computer graphics monitor).                 In
step 314, the user interface modules 108 enable operators to interactively
10     analyze and process the compounds represented in the displayed
display map.                The present invention enables users to modify
existing compound          visualization display maps (as used herein, the
term "compound visualization display          map" refers to a rendered
display map). For example, users can add additional          compounds to
the map, remove compounds from the map, highlight compounds on 15    the
map, etc. In such cases, pertinent functional steps of flowchart 302 are
repeated.         For example, steps 304 (selecting compounds to map), 310
(generating the display         map), and 312 (displaying the map) are
repeated when the user opts to add new         compounds to an existing
map. However, according to an embodiment of the         invention, the map
is incrementally refined and displayed in steps 310 and 312 when 20
adding compounds to an existing compound visualization display map (this
incremental refinement is described above).                The chemical
compound example provided above is useful for visualizing and
interactively processing any chemical entities including but not limited to
(but can be         used for) small molecules, polymers, peptides,
proteins, etc. It may also be used to 25     display different similarity
relationships between these compounds.  



XI.   Conclusions                  The present invention has been described
above with the aid of functional         building blocks illustrating the
performance of specified functions and relationships         thereof. The
boundaries of these functional building blocks have been arbitrarily
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defined herein for the convenience of the description. Alternate boundaries
can be         defined so long as the specified functions and relationships
thereof are appropriately         performed. Any such alternate boundaries
are thus within the scope and spirit of the         claimed invention and
would be apparent to persons skilled in the relevant art(s).  5
These functional building blocks may be implemented  by discrete
components, application specific integrated circuits, processors executing
appropriate         software and the like or any combination thereof. It is
well within the scope of one         skilled in the relevant art(s) to
develop the appropriate circuitry and /or software to         implement
these functional building blocks. 10             Based on the above
descriptions and examples, a person skilled in the relevant         art(s)
will be able to implement the present invention in a wide variety of
applications,         all of which fall within the scope of the invention.
While various embodiments of the present invention have been described
above, it should be understood that they have been presented by way of
example only, 15     and not limitation. Thus, the breadth and scope of the
present invention should not be         limited by any of the
above-described exemplary embodiments, but should be defined         only
in accordance with the following claims and their equivalents.   



WO 99/57686
PCT/US99/09963                                             -37-
What Is Claimed Is:                 1.    A method for representing
relationships between objects as distances                      from one
another on a display map, the method comprising the steps
of:  5            (1)   placing the objects on the display map;
(2)   selecting a sub-set of the objects, wherein the selected sub-set of
objects includes associated relationships between objects in the
selected sub-set;               (3)   revising the distance(s) between the
objects on the display map based 10                   on the relationships
between the objects and the distance(s);               (4)   repeating
steps (2) and (3) for additional sub-sets of objects from the
set of objects.                 2.    The method according to claim 1,
wherein step (2) comprises the step                      of: 15
(a)   selecting a pair of objects having an associated pair-wise
relationship.                 3.    The method according to claim 2,
wherein the relationships between                      one or more pairs of
objects are unknown, the method further                      comprising the
steps of:               (4)   performing steps (2) through (4) only for
pairs of objects for which an 20                   associated relationship
is known; and               (5)   allowing distances between objects on the
display map for which                      relationships are not known to
adapt during performance of steps (2) 



through (4).                 4.    The method according to claim 2, wherein
one or more pairs of objects 25                   are related by bounded
uncertainties, the method further comprising the                      step
of:                  WO 99/57686
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(5)   revising the distance on the display map between a pair of objects
that                        are related by a relationship with a bounded
uncertainty specified as a                        set of allowable ranges
of relationship values, only when the distance                        falls
outside the specified ranges.    5              5.    The method according
to claim 2, wherein one or more pairs of objects                        are
related by bounded uncertainties, the method further comprising the
step of:                 (5)   revising the distance on the display map
between a pair of objects that                        are related by a
relationship with a bounded uncertainty specified as an 10
upper limit of allowable relationship values, only when the distance
falls above the specified upper limit.                   6.    The method
according to claim 2, wherein one or more pairs of objects
are related by bounded uncertainties, the method further comprising the
step of: 15           (5)   revising the distance on the display map
between a pair of objects that                        are related by a
relationship with a bounded uncertainty specified as a 



lower limit set of allowable relationship values, only when the distance
falls outside the specified ranges.                   7.    The method
according to claim 2, wherein one or more pairs of objects 20
are related by unbounded uncertainties, the method further comprising
the steps of:                 (5)   identifying a pair of objects for which
the corresponding relationship                        contains an unbounded
uncertainty;                 (6)   removing the relationship that contains
the unbounded uncertainty; 25           (7)   allowing the distance between
the objects for which the corresponding                        relationship
has been removed to adapt during performance of steps (2)
through (4).                 WO 99/57686
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8.    The method according to claim 2, wherein step (3) comprises the step
of:                (a)   revising the distance(s) based on a learning rate.
9.    The method according to claim 2, wherein step (3) comprises the step
5                    of:                (a)   revising the distance(s)
based on a fixed learning rate.                  10.   The method according
to claim 2, wherein step (3) comprises the step                       of:
(a)   revising the distance(s) based on an adaptive learning rate. 



10             11.   The method according to claim 2, wherein step (3)
comprises the step                       of:                (a)   revising
the distance(s) based on a dynamic learning rate.                  12.
The method according to claim 2, wherein step (3) comprises the step
of: 15             (a)   revising the distance(s) based on a learning rate
that is a function of the                       relationship between the
selected pair of objects.                   13.   The method according to
claim 2, wherein step (3) comprises the step                       of:
(a)   revising the distance(s) based on a learning rate that is a function
of 20                    one or more of the selected objects.
14.   The method according to claim 2, wherein step (3) comprises the step
of:                (a)   revising the distance(s) based on a learning rate
that is a function of the 25                    selected pair.
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15.   The method according to claim 1, wherein step (3) comprises the steps
of: 



(a)   revising the distance(s) using a conventional multi-dimensional
scaling                       technique.   5             16.   The method
according to claim 1, wherein step (3) comprises the steps
of:                (a)   revising the distance(s) using a conventional
non-linear scaling                       technique.                  17.
The method according to claim 1, wherein step (3) comprises the steps 10
of:                (a)   computing an error function value using a
conventional technique; and                (b)   revising the distance(s)
using a gradient descent procedure.                  18.   The method
according to claim 1, provided that said objects are not
chemical objects.   15             19.   A method for representing
relationships between objects as distances                       from one
another on a display map, the method comprising the steps
of:                (1)   placing the objects on the display map;
(2)   selecting a sub-set of the objects, wherein the selected sub-set of
20                    objects includes associated relationships between
objects in the                        selected sub-set;                (3)
selecting a pair of objects from the selected sub-set, the pair of objects
having an associated pair-wise relationship;                (3)   revising
the distance(s) between the pair of objects on the display map 25
based on the relationships between the pair of objects and the
distance(s);   
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(4)   repeating steps (3) and (4) for additional pairs of objects from the
selected sub-set of objects.                   20.   The method according
to claim 19, further comprising the step of:                 (5)
selecting a second sub-set of objects; and  5             (6)   iterative
repeating steps (3) and (4) for pairs of objects in the second
selected sub-set of objects.                   21.   A system for
representing relationships between objects in a set of
objects as distances from one another on a display map, comprising:
a coordinate module that places the objects on a display map; 10
a sub-set selector that selects sub-sets of objects for revision of the
distance(s)          therebetween; and                 a coordinate
revision module that revises the distance(s) between objects in the
selected sub-set based on a difference between the distance(s) and the
corresponding          relationship.   15             22.   The system
according to claim 21, further comprising:                 a sub-set
selector that selects pairs of objects for revision of the distance
therebetween.                   23.   The system according to claim 21,
further comprising:                 a sub-set selector that selects more
than two objects for revision of the 20      distances therebetween; and 



a coordinate revision module that revises the distances between objects in
selected sub-sets using conventional techniques.                 WO
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24.   The system according to claim 23, further comprising:               a
coordinate revision module that computes an error function value using a
conventional technique and that revises the distances using a gradient
descent         procedure.   5             25.   The system according to
claim 23, further comprising:                a coordinate revision module
that computes an error function value using a         conventional
multi-dimensional scaling technique.                  26.   The system
according to claim 23, further comprising:                a coordinate
revision module that computes an error function value using a 10
conventional non-linear scaling technique.    


