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(57) ABSTRACT 

A method and System for detecting coincidences in a data Set 
of objects, where each object has a number of attributes. 
Iteratively, equally-sized Subsets of the data Set of Sampled, 
and coincidences (co-occurrences of a plurality of attribute 
values in one or more objects in the Subset) are recorded. For 
each coincidence of interest, the expected coincidence count 
is determined and compared with the observed coincidence 
count; this comparison is used to determine a measure of 
correlation for the plurality of attributes for the coincidence. 
The resulting Set ofk-tuples of correlated attributes is 
reported, a k-tuple of correlated attributes being a plurality 
of attributes for which the measure of correlation is above a 
predetermined threshold. The method and system (imple 
mented on an array of processing nodes) is Suitable for 
protein Structure analysis, e.g. in HIV research. 
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COINCIDENCE DETECTION PROGRAMMED 
MEDIA AND SYSTEM 

TECHNICAL FIELD 

0001. The invention relates to methods, devices and 
Systems for coincidence detection among a multitude of 
variables. In addition, the invention relates to applying 
coincidence detection methods to various fields, and to 
products derived from Such application. 

BACKGROUND ART 

0002) k-tuples of Correlated Attributes 

0003. The discovery of correlations among pairs or 
k-tuples of variables has applications in many areas of 
Science, medicine, industry and commerce For example, it is 
of great interest to physicians and public health profession 
als to know which lifestyle, dietary, and environmental 
factors correlate with each other and with particular diseases 
in a database of patient histories. It is potentially profitable 
for a trader in Stocks or commodities to discover a set of 
financial instruments whose prices covary over time. Sales 
Staff in a Supermarket chain or mail-order distributor would 
be interested in knowing that consumers who buy product A 
also tend to buy products B and C, and this can be discov 
ered in a database of Sales records. Computational molecular 
biologists and drug discovery researchers would like to infer 
aspects of 3D molecular structure from correlations between 
distant Sequence elements in aligned Sets of RNA or protein 
Sequences 

0004 One formulation of the general problem which 
encompasses many diverse applications, and which facili 
tates understanding of the principles described herein is a 
matrix of discrete features in which rows correspond to 
“objects” (Such as individual patients, Stock prices, consum 
ers, or protein sequences) and the columns correspond to 
features, or attributes, or variables (Such as lifestyle factors, 
Stocks, Sales items, or amino acid residue positions). 

0005 Mathematical methods for determining a measure 
of the type, degree, and Statistical Significance of correlation 
between any two, or even three or four, particular variables 
are widespread and well-understood. These methods include 
linear and nonlinear regression for continuous variables and 
contingency table analysis techniques for discrete variables. 
However, great difficulties arise when one tries to estimate 
correlation-Or just estimate joint or conditional probabili 
ties-over much larger sets of variables. This intractability 
has one main cause-there are too many joint attribute-value 
probability density terms-and this manifests itself in two 
Serious problems: (1) computing and storing frequency 
counts over au terms, over the database, requires too much 
computation and memory; (2) there is usually an insufficient 
number of database records to support reliable probability 
estimates based on those frequency counts. 

0006 Let us consider some details. For M records 
(objects), N variables (attributes, in fields), and Supposing 
that each variable has the same set of A possible values, 
there are 
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0007 k-tuples of columns. Adding the number of 
k-tuples for each k=1,2,..., NA results in 2-1 Such tuples 
of all sizes. This exponential complexity has been a major 
obstacle Standing in the way of higher-order probability 
estimation and, correlation detection methodologies 
0008 One natural way to think about this complexity is 
in terms of the power set of the set of column variables This 
power Set forms a mathematical lattice under the operation 
C, a “tower” corresponding to a graph whose nodes are 
Subsets of this set of column variables (Note that if a set has 
N members, the power set has 2 members). From his 
Viewpoint, two nodes representing Subsets O and O2 are 
connected if and only if either O CO or OC O. We Say 
that OS node is above O’s if OC O. This gives a natural 
meaning to the term “higher-order', as appearing higher up 
the tower. We call the bottom, the null set node, the 0th tier; 
the Single column terms form the first tier, and So on. 
0009 Continuing with the tower analogy, we note that 
each “floor' of this edifice contains 

N 
(k) 

0010) “suites", and each suite contains A “rooms". In 
other words, the kth level of the lattice corresponds to 

N 
(k) 

0011 different k-tuples of column variables, and associ 
ated with each k-tuple is an (AIA. . . by A/) contingency 
table, each cell of which must Store the counted frequency 
of a particular joint Symbol (a1, a2, a) were one to use a 
classical contingency table test for the correlation between 
those particular k columns (See FIG. 1). 
0012 For any ke{1,2,..., N}, for any particular k-tuple 
of columns (c1 c2, ..., c), there are |A possible joint 
values. For any ke 1, 2, ..., N) for any particular k-tuple 
of columns (c.1, c. . . , c), the estimation of Kullback 
divergence or other correlation function using the dataset is 
at least an S2(Mk) or S2(IAI) computation, depending upon 
the relative sizes of M, k and A. 
0013 A comprehensive probabilistic model of the data 
base must be able to specify probability estimates for 

W 

0014 terms. This means, for example in the computa 
tional molecular biology domain, that for a tiny heptapeptide 
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Sequence family, each Sequence having a length of Seven 
amino acid residues, there are 1,801,088,540 terms to 
specify For an unrealistically small RNA of fifteen nucle 
otides in length, over the smaller RNA alphabet of four base 
symbols, there are 30,517,578,124 terms. 
0.015 Clearly the models can become intractably huge. 
What about the space of possible models through which a 
modelling/learning procedure must Search? Consider a 
latent-Variable model, which seeks to explain correlations 
between sets of observable variables by positing latent 
variables whose states influence the observables jointly 
Since each model must specify a Set of k-tuples of variables, 
and there are exp(2,2S) (i.e., 2 to the power 2) such sets, 
there are exp(2,2S) possible models in the worst-case search 
Space. 

0016 Various methods for determining a measure of 
higher-order probabilities will circumvent the combinatorial 
explosion through Severe prior restrictions on the width k 
(See FIG. 3), the locality (FIG. 2), the number, or the 
degrees of correlation of the higher-order features Sought, 
and on the kinds of models entertained (See FIG. 4). 
0017. Three Goals of Probability Estimation 
0.018. It is useful, before discussing details of existing 
methods and of the current invention, to delineate three 
different possible goals of probability estimation in large 
datasets, each corresponding to a large body of research and 
current practice: 

0019 1. Estimation of the fully-specified, fully 
higher-order joint probability distribution: Estimate 
a probability density q that Specifies 

0020 q(a; (Ge;1, a2 (ac;2, . . . , ai.G.C) 
0021 for all k-tuples of attributes and possible 
values 

0022. 2. Hypothesis testing, for particular hypoth 
eSeS concerning particular attributes and particular 
variables: For example, are the data consistent with 
the hypothesis that columns c.1, c2, . . . , c are 
independent? 

0023. 3. Feature detection, or “data mining Detect 
the most Suspicious coincidences, for example, joint 
attribute occurrences that are more probable than 
would be predicted from lower-order marginals. 
Related to this, find the most highly correlated 
k-tuples of columns, 

0024. It is the feature detection and data mining applica 
tions that are most relevant to the present invention How 
ever, Some of the most Successful ways to estimate a full 
higher-order joint probability distribution of a database 
require the Specification of exactly those higher-order terms 
which represent high correlations among Sets of ke2 vari 
ables and invoking maximum entropy assumptions, and 
therefore the current invention is aimed at those applications 
as well. 

0025) Related Work 
0.026 Various mathematical and computational methods 
have been proposed and used to estimate higher-order prob 
abilities, to detect correlations, and to model higher-order 
database relationships. All Such prior methods either per 
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form a global, Sometimes exhaustive Search through all 
possible k-tuples of variables, which is too costly, or they 
avoid the complexity altogether by limiting their Search to 
only k-tuples of a specific fixed, Small size k. (Often, k=2 So 
only pairwise correlations are ever considered). 
0027 Below are listed some representative examples of 
related work. 

0028 Assuming Independence between Attributes. The 
easiest way to avoid the complexity of higher-order corre 
lations is just to pretend that they do not exist. Many of the 
algorithms and computer programs, historically dominant in 
Some fields of application of the current method, simply 
construct and use a model of the data in which all variables, 
all attributes, are independent. For example, the modelling 
of DNA and protein Sequences, in computational molecular 
biology, is often done with consensus Sequences and pro 
files, which assume incorrectly that the different base or 
amino acid residue positions are independent Reliance on 
Such models can obscure crucial functional and structural 
insights into the DNA or proteins being modelled. 
0029 Prior Limits onk One proposal for Gibbs models of 
databases is based on the use of Gibbs potentials, and it 
proposes a hashing method for calculating these special 
terms. 

0030 Each kth-order potential requires an estimation of 
a kth-order joint probability density as well as Some number 
of lower-order (typically k-1th-order) densities. The asymp 
totic time complexity of Miller's pattern-collection subrou 
tine, the major component of the potential calculation, is, 
when interpreted in our terminology: 

K 

MX NA2 s O(MN) 
k=1 (k) 

0031 where K=k, is the highest order of features for 
which one will search and by which one will represent 
database objects. This exponential blow-up prevents one 
from searching for higher-order features (HOFs) of any 
order k much higher than 4 or 5 in databases with hundreds 
of attributes. 

0032. Many methods, in different application areas, sim 
ply limit k to k=2. For example, pairwise inter-residue 
correlation methods discover Second-order features that can 
be useful in the prediction of protein Structure and function 
and that can be built into classifiers more Sensitive than 
first-order Sequence classifiers and fold-recognizers. To the 
extent that k-ary interactions are important, and to the extent 
that Such interactions leave traces in Sets of homologous 
Sequences, the pairwise methods are deficient. One can try 
to infer k-ary correlations from Sets of 2-ary correlations 9 
(essentially by computing the transitive closure of the “Cor 
relates.With" binary relation), but this heuristic can lead to 
trouble high pairwise correlations among variables X, y, Z do 
not in general imply, nor are they necessarily implied by, a 
high 3-ary correlation (as measured by Kullback divergence) 
of the three variables X, y, Z. In other application areas, Such 
as the Study of multiple drug interactions, it is Similarly true 
that important higher-order relationships can be missed by 
pairwise correlation detection methods. 



US 2003/0074142 A1 

0033. The Paturi et at. Method for Identifying the Most 
Correlated Pair of Random Variables. A method has been 
reported for the problem of finding the most highly corre 
lated pair X, X of variables from among a large set of N 
random binary variables X, X2, ..., XN. The method is 
easily extended to finding the most correlated k-tuple of 
random binary variables, but at a significant increase in 
computational complexity, and only for ke2 fixed a priori. 
It uses a definition of correlation that has Correlation (X, 
X)=PLX =X) over some set of M samples {X", X", . . . 
, X"N)-.....M (Here PLX=X) means the probability that 
variable X, has the same value, or state, as variable X) Much 
of the computational complexity, both time complexity and 
Sample complexity, of their method can be incurred in trying 
to separate two or more nearly equally-correlated pairs (or 
k-tuples) of variables 
0034. The two variants of the Paturi method are asymp 
totically quadratic and Sub-quadratic in N. respectively, the 
faster procedure requiring more Sampling. When the method 
is extended to Search for the biggest k-ary correlation, where 
correlation is now defined as PX=X= ... =X, the time 
complexity grows to approximately 6(kNklogN). Search 
for highly correlated attribute cliques of width k much 
greater than 5 or 6 in very large datasets is once again ruled 
Out. 

0035 Hidden Markov Models. Hidden Markov Models 
(HMMs) have been used widely and with increasing success 
in recent years, in both automatic speech recognition and in 
the modelling of protein, DNA, and RNA sequences. 
0.036 Although some groups have reported significant 
Success in modelling protein Sequence families and continu 
ous speech data with HMMs, nonetheless there are great 
improvements to be made in learning time and model 
robustness by the “hardwiring” of pre-selected higher-order 
features into HMMs (This has been investigated for HMM 
like recurrent neural networks, in different domains) 
0037) Some of the same reasons why HMMs are very 
good at aligning the protein Sequences or recorded utter 
ances in the first place, using local Sequential correlations, 
make Such methods leSS useful for finding the important 
Sequence-distant correlations in da that has already been 
partially or completely aligned. The phenomenon respon 
sible for this dilemma is termed “diffusion'. 

0.038 A first-order HMM, by definition, assumes inde 
pendence among Sequence columns, given a hidden State 
Sequence. Multiple alternative State Sequences can in prin 
ciple be used to capture longer-range interactions, but the 
number of these grows exponentially with the number of 
k-tuples of correlated columns. 
0039. The Agrawal et al. Method for Discovery of Asso 
ciation Rules. This method was developed in perhaps the 
purest data mining context, the automatic extraction of 
knowledge-base rules from databases. It considers a data 
base of M transactions (objects, rows) and N items 
(attributes, columns) and seeks to extract rules of the form 
a->b. It therefore seek pairs of attributes a, b such that 
“transactions that contain a tend to contain b’, hence those 
pairs with high values for p(ba). “People who buy CD 
players tend to buy CDS.’, is just one example Suggesting 
the potential commercial interests in Such methods. (More 
generally, one can Search for Sets of attributes with high 
p(b1, b2, . . . . bla 1, a2, . . . . a)). 
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0040. A rule a->b is said to have: 

0041) 1... confidence c if c % of transactions contain 
ing a also contain b (hence, roughly, if 

st 
(p(a)) (100) 

, b (hence, roughly, if p(a, b) C } 

0042. 2. Supports if S 9% of transactions contain a 
and b (hence, roughly, if p(a,b)2S/100) 

0043. The goals behind this method are different from the 
objectives of the current invention. However, the different 
objectives are brought closer together if one focuses on the 
Agrawal methods discovery of Symmetric rules (so that the 
Search is for attribute pairs displaying high values for both 

p(a, b) 
C 

0044) and 

p(a, b) 
t ), 

0045 and if one reduces the emphasis on support (so that 
coincidences that are Suspicious, even if occurring rarely, are 
Sought). 

0046) The Agrawal method is shown to have O(|S|-MN) 
time complexity, where S is the Sum of all values Support 
(C) for an exponentially large number of k-tuples C. of 
attributes, of any size 1sks N, that reach a particular stage 
of processing in this procedure. Hence the method is O(2N) 
in the worst case. A Series of empirical tests are performed 
on what they considered to be realistic datasets for their 
domain. The running time of the procedure grew only 
linearly with the number M of transactions, but the number 
of items, or attributes, was held constant at NA=1000, and 
their constructed datasets probably contained no correlated 
k-tuples of width k>10. An analysis of their algorithm, 
which is based on an incremental build-up of kth-order 
cliques from k-1th-order cliques, makes clear that the 
method takes much more computation to find wide HOFs 
(large k) than narrower HOFs (lower k) of equivalent 
Statistical Significance. 

0047 Steeg, Robinson, Deerfield, Lappa-1993. Some 
rough, heuristic methods have been presented for finding 
k-tuples of correlated residues (positions) in Sets of aligned 
protein Sequences. One of the presented methods employed 
one embodiment of a rudimentary version of the represen 
tation and detecting coincidences Steps of the described 
herein. 

0048 Alternative methods of, and devices for, finding 
correlations between attributes, and applications for those 
correlations, are required. 
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DISCLOSURE OF THE INVENTION 

0049. In a first aspect the present invention provides a 
coincidence detection method for use with a data set of 
objects having a number of attributes. The base method 
includes the following Steps: 

0050 representing a set of M objects in terms of a 
number NA of variables (“attributes”), where an 
attribute is Said to occur in an object if the object 
possesses the attribute; 

0051) sampling a subset of r out of the M objects, 
for each iteration among; predetermined number of 
iterations, 

0052 detecting and recording coincidences among 
sets of k of the attributes in each sampled Subset of 
objects, a coincidence being the co-occurrence of 
1sks N attributes in the same h; out of r, objects in 
the sampled Subset, where 0shsr; 

0053 determining an expected count of coinci 
dences for any Set of k attributes and a predetermined 
number of iterations of Sampling and coincidence 
counting as described above, the determining being 
performed before Sampling and collecting, at the 
Same time or after Sampling and collecting, 

0054 comparing, for any set of k attributes and 
number of iterations of Sampling and coincidence 
counting, the observed count Versus the expected 
count of coincidences, and from this comparison 
determining a measure of correlation (or association, 
or dependence) for the set of k attributes; and 

0055 reporting a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes is 
a set of k of the NA attributes which have been 
determined by this process to have a value for a 
chosen correlation measure above a predetermined 
threshold value. 

0056. In a second aspect the invention provides a coin 
cidence detection method for use with a data Set of objects 
having a number of attributes, the method comprising the 
Steps of: 

0057 sampling a subset of the data set for a prede 
termined number of iterations, each iteration the 
Sampled Subset of the data Set having for each object 
the same Subset of attributes, 

0058 detecting, and recording counts of, coinci 
dences in each Sampled Subset of the data Set, a 
coincidence being the co-occurrence of a plurality of 
attribute values in one or more objects in a Sampled 
Subset of the data set, where the plurality of attribute 
values is the same for each occurrence, the detecting 
and recording counts of coincidences in each 
Sampled Subset of the data Set being performed 
before, at the Same time or after Sampling, detecting 
and recording counts of coincidences in other Sub 
Sets, 

0059) determining an expected count for each coin 
cidence of interest, the determining being performed 
before, at the same time, or after Sampling, detecting 
and recording; 
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0060 comparing, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this com 
parison determining a measure of correlation for the 
plurality of attributes for the coincidence, and 

0061 reporting a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes is 
a plurality of attributes for which the measure of 
correlation is above a respective pre-determined 
threshold. 

0062. In any of its aspects the comparison of observed 
and expected counts may be calculated using a Chernoff 
bound on tail probabilities, and counts may be recorded by 
Storing a running total of the count of each coincidence over 
all of the Sampled Subsets. 
0063. In a third aspect the invention provides a method 
for visual exploration of a data set of objects having a 
number of attributes, the method comprising the Steps of: 

0064 sampling a subset of the data set for a prede 
termined number of iterations, each iteration the 
Sampled Subset of the data Set having the same 
number of objects although not necessarily the same 
objects and having for each object the same Subset of 
attributes, 

0065 detecting, and recording counts of, coinci 
dences in each Sampled Subset of the data Set, a 
coincidence being the co-occurrence of a plurality of 
attribute values in one or more objects in a sampled 
Subset of the data set, where the plurality of attribute 
values is the same for each occurrence, the detecting 
and recording counts of coincidences in each 
Sampled Subset of the data Set being performed 
before, at the same time or after Sampling, detecting 
and recording counts of coincidences in other Sub 
Sets, 

0066 determining an expected count for each coin 
cidence of interest, the determining being performed 
before, at the same time, or after Sampling, detecting 
and recording; 

0067 comparing, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this com 
parison determining a measure of correlation for the 
plurality of attributes for the coincidence; and 

0068 reporting a set of k-tuples of correlated 
attributes to a user through a graphical interface, 
where a k-tuple of correlated attributes is a plurality 
of attributes for which the measure of correlation is 
above a respective pre-determined threshold. 

0069. In a fourth aspect the invention provides a pre 
processing method for use with a data modelling unit to 
capture and report to the data modelling unit higher order 
interactions of a data Set of objects having a number of 
attributes, the method comprising the Steps of 

0070 sampling a subset of the data set for a prede 
termined number of iterations, each iteration the 
Sampled Subset of the data Set having for each object 
the same Subset of attributes, 
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0071) detecting, and recording counts of, coinci 
dences in each Sampled Subset of the data Set, a 
coincidence being the co-occurrence of a plurality of 
attribute values in one or more objects in a Sampled 
Subset, where the plurality of attribute values is the 
Same for each occurrence, the detecting and record 
ing counts of coincidences in each Sampled Subset 
being performed before, at the same time or after 
Sampling, detecting and recording counts of coinci 
dences in other Subsets, 

0072 determining an expected count for each coin 
cidence of interest, the determining being performed 
before, at the same time, or after Sampling, detecting 
and recording; 

0073 comparing, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this com 
parison determining a measure of correlation for the 
plurality of attributes for the coincidence; and 

0074 reporting to the data modelling unit a set of 
k-tuples of correlated attributes, where a k-tuple of 
correlated attributes is a plurality of attributes for 
which the measure of correlation is above a respec 
tive pre-determined threshold. 

0075. In a fifth aspect the invention provides a correlation 
elimination method for use with r data Set of objects having 
a number of attributes, the method comprising the Steps of: 

0.076 sampling a Subset of the data set for a prede 
termined number of iterations, each iteration the 
Sampled Subset of the data Set having for each object 
the same Subset of attributes, 

0077 detecting, and recording counts of, coinci 
dences in each Sampled Subset of the data Set, a 
coincidence being the co-occurrence of a plurality of 
attribute values in one or more objects in a Sampled 
Subset of the data set, where the plurality of attribute 
values is the same for each occurrence, the detecting 
and recording counts of coincidences in each 
Sampled Subset being performed before, at the same 
time or after Sampling, detecting and recording 
counts of coincidences in other Subsets, 

0078 determining an expected count for each coin 
cidence of interest, the determining being performed 
before, at the same time, or after Sampling, detecting 
and recording; 

0079 comparing, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this com 
parison determining a measure of correlation for the 
plurality of attributes for the coincidence; and 

0080 eliminating a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes is 
a plurality of attributes for which the measure of 
correlation is above a respective pre-determined 
threshold. 

0081. In any of the aspects, the objects may be sales 
transactions, each transaction comprising one or more pur 
chased products, and the attributes may be instances of Sale 
of particular products or types of products. The objects may 
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be time slices and the attributes may be the Status elements 
in a System. The objects may be time Slices and the attributes 
maybe prices, or price changes of, financial instruments or 
commodities. 

0082 In any of the aspects the steps of the method may 
be represented by the following pseudo 

0083) 0, begin 
0084) 1. read (MATRIX); 
0085 2. read (R, T), 
0.086 3. compute first order marginals(MATRIX); 
0087. 4. csets:={}; 
0088 5. for iter=1 to T do 
0089. 6. sampled rows:=rsample(R, MATRIX) 
0090 7. attributes:=get attributes(sampled rows); 
0091) 8. all coincidences:=find all coincidenc 
es(attributes); 

0092) 9. for coincidence in all coincidences do 
0093 10, if cset already exists(coincidence, csets) 
0094) 11. then update cset(coincidence, csets); 
0.095 12. else add new cset(coincidence, csets); 
0096) 13. endif 
0097) 14, end for 
0.098) 15, end for 
0099) 16. for cset in csets do 
01.00) 17. 

count(cSet), 
expected:=compute expected match 

0101 18. observed:=get observed match count(c- 
Set); 

0102) 19. stats:=update stats(cset, hypoth test(ex 
pected, observed)); 

0103). 20. end for 
0104) 21. print final stats(csets, stats); 
01.05) 22. end 

0106. In a sixth aspect the invention provides a coinci 
dence detection System for use with a data Set of objects, 
each object having a plurality of attributes, the System 
comprising. 

0107 means for sampling a subset of the data set for 
a predetermined number of iterations, each iteration 
the Sampled Subset of the data Set having for each 
object the same Subset of attributes, 

0.108 means for detecting, and recording counts of; 
coincidences in each Sampled Subset of the data Set, 
a coincidence being the co-occurrence of a plurality 
of attribute values in one or more objects in a 
Sampled Subset of the data Set, where the plurality of 
attribute values is the same for each occurrence, the 
detecting and recording counts of coincidences in 
each Sampled Subset being performed before, at the 
Same time or after Sampling, detecting and recording 
counts of coincidences in other Subsets, 



US 2003/0074142 A1 

0109 means for determining an expected count for 
each coincidence of interest, the determining being 
performed before, at the same time, or after Sam 
pling, detecting and recording; 

0.110) means for comparing, for each coincidence of 
interest, the observed count of coincidences versus 
the expected count of coincidences, and from this 
comparison determining a measure of correlation for 
the plurality of attributes for the coincidence; and 

0111 means for reporting a set of k-tuples of cor 
related attributes, where a k-tuple of correlated 
attributes is a plurality of attributes for which the 
measure of correlation is above a respective pre 
determined threshold. 

0112) In the system of the sixth aspect, the means for 
Sampling a Subset of the data Set may comprise means for 
dividing the data Set into Subsets for Sampling. The means 
for detecting and recording counts of coincidences may 
comprise an array of processing nodes, each processing node 
detecting and recording a respective Subcount of coinci 
dences, and the means for comparing, for each coincidence 
of interest, Said observed count of coincidences to Said 
expected count of coincidences may comprise means for 
merging Said Subcounts to provide Said observed count. At 
least one of Said processing nodes may comprise a respec 
tive Subarray of processing nodes that detect and record 
respective SubSubcounts of coincidences, and Said means for 
merging merges Said SubSubcounts to provide Said Sub 
counts and/or said observed count. Each processing node 
may comprise memory including an input buffer for Storing 
received subsets of the data set and an output buffer for 
Storing the Subcount or the SubSubcount, and a memory bus 
that transferS data to and from the memory. 

0113. In a seventh aspect the invention provides coinci 
dence detection programmed media for use with a computer 
and with a data Set of objects having a number of attributes, 
the programmed media comprising: 

a computer program Stored on Storage media 0114 puter prog tored torag d 
compatible with the computer, the computer pro 
gram containing instructions to direct the computer 
to: 

0115) sample a subset of the data set for a prede 
termined number of iterations, each iteration the 
Sampled Subset of the data Set having for each 
object the same Subset of attributes, 

0116 detect and record counts of coincidences in 
each Sampled Subset of the data Set, a coincidence 
being the co-occurrence of a plurality of attribute 
values in one or more objects in a Sampled Subset 
of the data set, where the plurality of attribute 
values is the same for each occurrence, the detect 
ing and recording counts of coincidences in each 
Sampled Subset being performed before, at the 
Same time or after Sampling, detecting and record 
ing counts of coincidences in other Subsets, 

0117 determine an expected count for each coin 
cidence of interest, the determining being per 
formed before, at the same time, or after Sampling, 
detecting and recording, 
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0118 compare, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this 
comparison determine a measure of correlation for 
the plurality of attributes for the coincidence, and 

0119) report a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes 
is a plurality of attributes for which the measure of 
correlation is above a respective pre-determined 
threshold. 

0120 In an eighth aspect the invention provides a coin 
cidence detection System for use with a data Set of objects 
having a number of attributes, the System comprising: 

0121) 
0.122 a computer program on media compatible 
with the computer, the computer program directing 
the computer to: 
0123 sample a subset of the data set for a prede 
termined number of iterations, each iteration the 
Sampled Subset having for each object the same 
Subset of attributes, 

a computer; and 

0.124 detect, and record counts of, coincidences 
in each Sampled Subset of the data Set, a coinci 
dence being the co-occurrence of a plurality of 
attribute values in one or more objects in a 
Sampled Subset of the data Set, where the plurality 
of attribute values is the same for each occurrence, 
the detecting and recording counts of coincidences 
in each Sampled Subset being performed before, at 
the Same time or after Sampling, detecting and 
recording counts of coincidences in other Subsets, 

0.125 determine an expected count for each coin 
cidence of interest, the determining being per 
formed before, at the same time, or after Sampling, 
detecting and recording, 

0.126 compare, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this 
comparison determine a measure of correlation for 
the plurality of attributes for the coincidence, and 

0127 report a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes 
is a plurality of attributes for which the measure of 
correlation is above a respective predetermined 
threshold. 

0128. In any of its aspects the methods of the invention 
may further comprise the Step of representing the objects 
and attributes in a matrix of objects verSuS attributes prior to 
Sampling the data Set, the data Set being Sampled by Sam 
pling the matrix. 
0129. In a ninth aspect the invetion provides a product 
having a set of attributes Selected by: 

0.130 sampling a Subset of a data set representing 
objects verSuS attributes for a predetermined number 
of iterations, each iteration the Sampled Subset hav 
ing the same number of objects although not neces 
Sarily the same objects and having for each object the 
Same Subset of attributes, 



US 2003/0074142 A1 

0131 detecting, and recording counts of, coinci 
dences in each Sampled Subset of the data Set, a 
coincidence being the co-occurrence of a plurality of 
attribute values in one or more objects in a Sampled 
Subset of the data set, where the plurality of attribute 
values is the same for each occurrence, the detecting 
and recording counts of coincidences in each 
Sampled Subset being performed before, at the same 
time or after Sampling, detecting and recording 
counts of coincidences in other Subsets, 

0132) determining an expected count for each coin 
cidence of interest, the determining being performed 
before, at the same time, or after Sampling, detecting 
and recording, 

0.133 comparing, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this com 
parison determining a measure of correlation for the 
plurality of attributes for the coincidence, and 

0.134 reporting a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes is 
a plurality of attributes for which the measure of 
correlation is above a respective pre-determined 
threshold 

0135) In a tenth aspect the invention provides a product 
defined by applying a Set of rules generated from: 

0.136 sampling a Subset of a data set representing 
objects versus attributes for a predetermined number 
of iterations, each iteration the Sampled Subset hav 
ing for each object the Same Subset of attributes, 

0.137 detecting and recording counts of coinci 
dences in each Sampled Subset of the data Set, a 
coincidence being the co-occurrence of a plurality of 
attribute values in one or more objects in a Sampled 
Subset of the data set, where the plurality of attribute 
values is the same for each occurrence, the detecting 
and recording counts of coincidences in each 
Sampled Subset being performed before, at the same 
time or after Sampling, detecting and recording 
counts of coincidences in other Subsets, 

0.138 determining an expected count for each coin 
cidence of interest the determining being performed 
before, at the same time, or after Sampling, detecting 
and recording, 

0.139 comparing, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this com 
parison determining a measure of correlation for the 
plurality of attributes for the coincidence, and 

0140 reporting a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes is 
a plurality of attributes for which the measure of 
correlation is above a respective pre-determined 
threshold. 

0.141. In any aspect the methods of the invetion may 
further comprise the Step of applying rules that are defined 
by the reported correlated attributes. 
0142. In an eleventh aspect the invention provides a 
peptide or peptidomimetic including a structural motif of the 
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V3 loop of HIV envelope protein including spatial coordi 
nates of residues A18/O31/H33. 

0143. In a twelfth aspect the inventions provides a phar 
maceutical composition comprising a ligand that interacts 
with a protein having a structural motif identified using the 
method of claim 2, and a pharmaceutically acceptable carrier 
or exicipient therefor. The ligand may comprise chemical 
moieties of Suitable identity and Spatially located relative to 
each other So that the moieties interact with corresponding 
residues or portions of the motif. The ligand, by interacting 
with the motif, may interfere with function of a region of the 
protein comprising the motif. 
0144. In a thirteenth aspect the invention provides a 
diagnostic agent comprising a ligand that interacts with a 
protein having a structural motif identified using the method 
of the earlier aspects of the invention, and a detectable label 
linked to the ligand. 
0145. In a fourteenth aspect the invention provides a 
pharmaceutical composition for interacting with an enve 
lope protein of human immunodeficiency virus (HIV), the 
envelope protein including a structural motif of the V3 loop 
having spatial coordinates of residues A18/Q31/H33, com 
prising a ligand including at least one functional group that 
interacts with the motif, and a pharmaceutically acceptable 
carrier or exicipient therefor. The ligand may include at least 
one functional group capable of binding to and being present 
in an effective position in Said ligand to bind to residue 18, 
at least one functional group capable of binding to and being 
present in an effective position in Said ligand to bind to 
residue 31, and at least one functional group capable of 
binding to and being present in an effective position in Said 
ligand to bind to residue 33. 
0146 In a fifteenth aspect the invention provides a 
method of designing a ligand to interact with a structural 
motif of an envelope protein of human immunodeficiency 
virus (HIV), the method comprising the steps of providing 
a template having Spatial coordinates of residues Al 8, Q31 
and H33 in the V3 loop of HIV envelope protein, and 
computationally evolving a chemical ligand using an effec 
tive algorithm with Spatial constraints, So that Said evolved 
ligand includes at least one effective functional group that 
binds to the motif The ligand may comprise at least one 
functional group capable of binding to and being present in 
an effective position in Said ligand to bind to residue 18, at 
least one functional group capable of binding to and being 
present in an effective position in Said ligand to bind to 
residue 31, and at least one functional group capable of 
binding to and being present in an effective position in Said 
ligand to bind to residue 33. 
0147 In a sixteenth aspect the invention provides a 
method of identifying a ligand to bind with a structural motif 
of an envelope protein of human immunodeficiency virus 
(HIV), the method comprising the steps of: providing a 
template having spatial coordinates of A18, Q31 and H33 in 
the V3 loop of HIV envelope protein; providing a data base 
containing Structure and orientation of molecules, and 
Screening Said molecules to determine if they contain effec 
tive moieties Spaced relative to each other So that the 
moieties interact with the motif. A first moiety of the 
molecule may interact with residue 18, a Second moiety of 
the molecule interacts with residue 31 and a third moiety of 
the molecule interacts with residue 33. 
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0.148. In a seventeenth aspect of the invention the 
invetion may provide antigens and vaccines embodying the 
covarying k-tuples described herein. 
0149. In an eighteenth aspect the invention provides a 
product being defined by its interaction with a Set of 
attributes selected by: 

0150 sampling a subset of a data set representing 
objects verSuS attributes for a predetermined number 
of iterations, each iteration the Sampled Subset of the 
data Set having the same number of objects although 
not necessarily the same objects and having for each 
object the same Subset of attributes, 

0151 detecting, and recording counts of, coinci 
dences in each Sampled Subset of the data Set, a 
coincidence being the co-occurrence of a plurality of 
attribute values in one or more objects in a Sampled 
Subset, where the plurality of attribute values is the 
Same for each occurrence, the detecting and record 
ing counts of coincidences in each Sampled Subset 
being performed before, at the same time or after 
Sampling, detecting and recording counts of coinci 
dences in other Subsets, 

0152 determining an expected count for each coin 
cidence of interest, the determining being performed 
before, at the same time, or after Sampling, detecting 
and recording, 

0153 comparing, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this com 
parison determining a measure of correlation for the 
plurality of attributes for the coincidence, and 

0154 reporting a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes is 
a plurality of attributes for which the measure of 
correlation is above a pre-determined threshold. 

O155 In any of the aspects the objects may be com 
pounds and the attributes may comprise particular chemical 
moieties. The objects may be peptides or proteins and the 
attributes may comprise particular structural or Substructural 
patterns or motifs. The objects may be selected from the 
group consisting of compounds, molecular Structures, nucle 
otide Sequences and amino acid Sequences and the attributes 
may be features of the selected objects. The objects may be 
time slices and the attributes may be biological parameters 
of genes or gene products. The objects may be documents 
that are electonically Stored and/or electronically indexed 
and the attributes may be topics. The objects may be 
customers and the attributes may comprise products pur 
chased or not purchased by those customers. The attributes 
may further comprise mailings made or not made to the 
customers. The objects may comprise products and the 
attributes may comprise customers that have or have not 
purchased those products. The attributes may further com 
prise demographic variables of the customers. The objects 
may be people with a particular disease or disorder and the 
attributes may be potential contributing factors for the 
disease or disorder. The objects may be people with a 
number of different diseases or disorders and the attributes 
may be potential contributing factors for the diseases or 
disorders. The objects may comprise factors potentially 
contributing to a disease or disorder and the attributes may 
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be people with or without those factors, in which case the 
method asSociates groups of people of Substantially equiva 
lent risk for the disease or disorder. 

0156 The objects may be time slices and the attributes 
may comprise the State of components in a System at time 
Slices prior to failure of the System, in which case the method 
asSociates component States that may potentially cause fail 
ure of the System 
O157. In the first aspect r may be the same for every 
iteration In any of the aspects the method provided may 
further comprise the Steps of first creating a database of 
transitions between System States, wherein a System State is 
represented by a value of a State variable, over a chosen time 
quantum, and presenting the database, in whole or part, as a 
data Set Such that each State to State transition Set corre 
sponds to one of M objects and So that each State variable 
corresponds to an attribute. 
0158. In any of its aspects the method provided may 
further comprise the Steps of first creating a database of 
States and actions covering a chosen time quantum and 
presenting the database, in whole or part, as a data Set Such 
that each State/action/state triple corresponds to one of M 
objects and So that each State variable or action type corre 
sponds to an attribute. 
0159. In a nineteenth aspect the invention provides a 
coincidence detection method for use with a data Set of 
objects having a number of attributes represented in a matrix 
of objects versus attributes, the method comprising the Steps 
of: 

0160 sampling a subset of the matrix for a prede 
termined number of iterations, each iteration the 
Sampled Subset of the matrix having for each object 
the same Subset of attributes, 

0.161 detecting, and recording counts of, coinci 
dences in each Sampled Subset of the matrix, a 
coincidence being the co-occurrence of a plurality of 
attribute values in one or more objects in a Sampled 
Subset of the matrix, where the plurality of attribute 
values is the same for each occurrence, the detecting 
and recording counts of coincidences in each 
Sampled Subset being performed before, at the same 
time or after Sampling, detecting and recording 
counts of coincidences in other Subsets, 

0162 determining an expected count for each coin 
cidence of interest, the determining being performed 
before, at the same time, or after Sampling, detecting 
and recording; 

0163 comparing, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this com 
parison determining a measure of correlation for the 
plurality of attributes for the coincidence; and 

0.164 reporting a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes is 
a plurality of attributes for which the measure of 
correlation is above a respective pre-determined 
threshold. 

0.165. In the first aspect numerical correlation values may 
be reported along with the Set of k-tuples of correlated 
attributes. 
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BRIEF DESCRIPTION OF DRAWINGS 

0166 For a better understanding of the present invention 
and to show more clearly how it may be carried into effect, 
reference will now be made, by way of example, to the 
accompanying drawings which show the preferred embodi 
ment of the present invention and in which: 
0167 FIG. 1 is a depiction of a power set of a set with 
N=6 objects, arranged as a lattice under a Subset operation, 
representing all possible K-triples of coluns from the power 
Set. 

0168 FIG. 1a is a depcition of the relative portions of all 
lattice nodes shown (dark Squares) or omitted (light Squares) 
by FIG. 1. 
0169 FIG. 2 is a depiction of n-grams for all sizes n=1, 
2, . . . , 6 for the power set of FIG. 1. 
0170 FIG.2a is a depiction of the relative portion of all 

lattice nodes shown or omitted in FIG. 2 with a Subset of the 
terms highlighted 
0171 FIG. 3 is a depiction of all possible pairwise 
correlations for the power set of FIG. 1, corresponding to 
analysis of the third tier up from the bottom of the lattice. 
This is a shortcut taken in work on inter-residue correlations 
in protein and RNA sequence families, for example. In 
another example, this Figure represents the approach taken 
by a method that Simply finds all pairs of Sales items that 
tend to be purchased together by consumers. 
0172 FIG. 3a illustrates the relevant correlations from 
FIG.3 out of the powerset of FIG. 1. 
0173 FIG. 4 is a depiction of a partition of the variables 
of the objects of the power set of FIG. 1. A partition is one 
particular and important kind of componential model of a 
Sequence family or other aligned dataset. In a componential 
model, a set of N latent y variables is found to "generate' 
or “explain a larger set of N observable variables c. In a 
partition model, Nys N, each c is generated by exatly one 
of the y, and typically N-N. The observables correspond 
ing to one latent variable form a kind of clique, and 
presumably are highly correlated with each other and rela 
tively uncorrelated with variables outside the clique. In FIG. 
4, the observables are formed into three cliques: (C, (C, 
Cs, Co.), and (Cs, CA). 
0174 FIG. 4a illustrates the partition of FIG. 4 out of the 
power set of FIG. 1. 
0175 FIG. 5 is a depiction of three iterations of sampling 
of a dataset in accordance with one embodiment of the 
invention. 

0176 FIG. 5A is a depiction of the three iterations of 
sampling of FIG. 5 with explanatory notes, 
0177 FIG. 6 is a general flow diagram of a program 
method of a preferred embodiment, 
0.178 FIG. 7 is a schematic diagram of a system imple 
menting the program method of FIG. 6, 
0179 FIG. 8 is a general flow diagram of the program 
method of FIG. 6 adapted to control a process for produc 
tion of a product, 
0180 FIG. 9 is a schematic diagram of a system imple 
menting the adapted program method of FIG. 8, 
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0181 FIG. 10 is a general flow diagram of the program 
method of FIG. 6 adapted to generate rules for a rules based 
System that in turn produces a product, 

0182 FIG. 11 is a schematic diagram of a system imple 
menting the adapted program method of FIG. 10, 

0183 FIG. 12 is a general flow diagram of the program 
method of FIG. 6 adapted to generate rules used to control 
a process for production of a product, 

0.184 FIG. 13 is a schematic diagram of a system imple 
menting the adapted program method of FIG. 12, 

0185 FIG. 14 is a diagram of a node of a hardware 
implementation of a preferred embodiment. 

0186 FIG. 15 is a diagram of residues for given 
sequences for the sample 3D structure of FIG. 15a where 
coincidence of Sequences may indicate conserved? physical 
or Structural relationships. 

0187 FIG. 15a is a diagram of a 3D structure for a 
Sample protein. 

0188 FIG. 16 is a diagram of steps in tertiary structure 
prediction which can employ the methods described herein. 

MODES FOR CARRYING OUT THE 
INVENTION 

0189 AS previously set out, a base method described 
herein employs the steps of: 

0.190 representing a set of M objects in terms of a 
number NA of variables (“attributes”), where an 
attribute is said to occur in an object if the object 
possesses the attribute; 

0191) sampling a subset of r out of the M objects, 
for each iteration among a predetermined number of 
iterations, 

0.192 detecting and recording coincidences among 
sets of k of the attributes in each sampled Subset of 
objects, a coincidence being the co-occurrence of 
1sks N attributes in the same h out of r, objects in 
the Sampled Subset, where 0sh Sr., 

0193 determining an expected count of coinci 
dences for any Set of k attributes and a predetermined 
number of iterations of Sampling and coincidence 
counting as described above, the determining being 
performed before Sampling and collecting, at the 
Same time or after Sampling and collecting, 

0194 comparing, for any set of k attributes and 
number of iterations of Sampling and coincidence 
counting, the observed count Versus the expected 
count of coincidences, and from this comparison 
determining a measure of correlation (or association, 
or dependence) for the set of k attributes; and 

0.195 reporting a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes is 
a set of k of the NA attributes which have been 
determined by this process to have a value for a 
chosen correlation measure above a predetermined 
threshold value. 
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0196. An alternative base method can include the follow 
ing steps: 

0197) sampling a subset of the data set for a prede 
termined number of iterations, each iteration the 
Sampled Subset of the data Set having for each object 
the same Subset of attributes, 

0198 detecting, and recording counts of, coinci 
dences in each Sampled Subset of the data Set, a 
coincidence being the co-occurrence of a plurality of 
attribute values in one or more objects in a Sampled 
Subset of the data set, where the plurality of attribute 
values is the same for each occurrence, the detecting 
and recording counts of coincidences in each 
Sampled Subset of the dataset being performed 
before, at the Same time or after Sampling, detecting 
and recording counts of coincidences in other Sub 
Sets, 

0199 determining an expected count for each coin 
cidence of interest, the determining being performed 
before, at the same time, or after Sampling, detecting 
and recording; 

0200 comparing, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this com 
parison determining a measure of correlation for the 
plurality of attributes for the coincidence; and 

0201 reporting a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes is 
a plurality of attributes for which the measure of 
correlation is above a respective pre-determined 
threshold. 

0202) The modes described herein provide extensions to 
the base methods described above and employ similar 
principles. The principles of one application as described 
herein may be applied to the others as appropriate. Thus, the 
description of all elements of an application will not always 
be repeated for each application. 
0203. In the preferred embodiment it is preferred for 
Simplicity of programming and interpretation to use a matrix 
where the objects are rows and the attributes are columns, 
however, this is not strictly required and any of the embodi 
ments can utilize a data set of objects and attributes that are 
not represented in the form of a matrix by Sampling Subsets 
of the data Set directly AS known to perSons skilled in the art, 
any relational database can be easily transformed into a 
2-dimensional matrix format. 

0204. The embodiments described herein lend them 
Selves particularly well to parallel processing as the Steps of 
detecting, recording and counting coincidences for each of 
the r Samples can be performed Simultaneously acroSS many 
different Samples or other Subsets of the data Set. 
0205 Each of the features or variables describing an 
object may be numerical or qualitative. If qualitative, a 
feature or variable described in terms of Some number Z of 
levels or qualities may be transformed into a numerical 
variable with Z. possible values or States. A numerical vari 
able with Z. possible values or States may be transformed into 
Zbinary variables, termed attributes. A numerical variable or 
feature with a continuous range of possible values or levels 
may be transformed into, or represented by, a variable with 
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Z possible values or States and therefore may also be 
transformed into, or represented by a set of Z binary 
attributes. 

0206 More formally, assume that we are given a database 
of M objects O, O,..., OM each of which is characterized 
by particular values at aeA; for each of N discrete-valued 
variables V. A particular value for a particular variable is 
denoted a GV, One may start with continuously-valued 
variables and use any of Several known methods to quantize 
them into discrete variables. We also note that, in many 
applications, the same alphabet A of possible values is used 
for all the variables. Each object might be a particular record 
in a database, or may be a Sample from a random Source. 

0207) If the initial N variables are not binary then they 
can be converted into a Set of NA attributes. For example, in 
the input listing attached in Appendix “B” each amino acid 
position is a variable that has 20 possibilities corresponding 
to the 20 naturally occurring amino acids represented by a 
Subset of letters from the alphabet. In order to turn the 
variables into binary attributes, each variable becomes 20 
different attributes having 1 of 2 states, such as “A” or “not 
A”, “B” or not “B”, and so on. An embodiment for repre 
Senting variables of this type is included in the Source code 
listing in AppendiX “A”. Other techniques for representing 
data as attributes could be used. 

0208. The principles set out in this description can also be 
extended to higher orders of attributes, for example trinary 
attributes to be used with higher order computing machines. 
The binary examples used herein are the simplest to imple 
ment. 

0209. This situation can be represented by a table in 
which each row Stands for an object, each column Stands for 
an attribute, and in which therefore each table entry at stands 
for the fact of the ith object having value written at a for the 
jth variable. We can also write c. (for “column j”) and an 
attribute as arcs. 

0210 For example, consider this small matrix of six rows 
(objects) and six columns (variables) 

col1 col2 col3 col4 col5 coló 

A. B C D E F 
W U C V E G 
Z. L C M W M 
V U C V A. G 
A. B C D Z. Z. 
W L C M E Z. 

0211) Object number 1 has value 'A' for variable 1, 'B' 
for variable 2, “C for variable 3, and so on. For some 
applications, it might be useful to find out that, for example, 
variables 2 and 4 are correlated. In the toy (small fictional) 
matrix example above, this correlation appears plausible, 
because whenever an object has BGD2, it also has DG 4; 
whenever an object has LGD2, it has MG 4; and whenever an 
object has UGD2, it also has VO4. Attribute number 3 does 
not vary-every object has the attribute CGD3, and therefore 
it does not correlate in an interesting way with any other 
variable. 
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0212) Given a matrix of data, we further assume that 
there is some “true” underlying probability distribution q() 
which, for all orders k=1, 2, . . . , NA Specifies the prob 
abilities for each possible k-tuple of attributes. For example, 
for k=1, we have q(c): A >0, 1), and we might have for 
some dataset q(B(a)2)=0.33 A distribution also specifies 
higher-order probabilities, like, for example, q(BGU2, 
FG6)=0.166. Inherent in the particular problems posed is 
the problem of estimating or approximating the distribution 
q(), or at least parts of it. 
0213 The problem is to find some, or all, k-tuples of 
columns (c1 c2, ..., c), for k=2...NA, whose correlation 
is greater than Some predetermined value. For example, one 
may want a procedure which, given an M-by-N table of 
values, returns a list of k-tuples of column indices (i, j, . 
... je such that D(Q(V1,V2,..., VII-1 ... q(vii))>p for 
Some real number p. Here D(pp.) is the Kullback diver 
gence measure, which in this case estimates the difference 
between the observed distribution of values over the column 
variables versus the distribution wherein all the column 
variables are Statistically independent. The Kullback mea 
Sure is just one of many possible measures of correlation or 
asSociation applicable to this type of problem. 
0214) For our purposes we consider correlation in terms 
of deviation from Statistical independence. One can compare 
an observed number of occurrences of Some event in View 
ing the database Versus the number expected if an underly 
ing hypothesis of independent variables were true. That is, 
the problem is: Given the table of values, for all k=2...NA, 
return a list of all k-tuples of attributes (ai (ac;1, a2(act, . 
. . , ai(Oct.) Such that 

0215 P(Obserbed(a (Gc, a Gc, . . . , 
aik (ac)|Independent (c1 c2, . . . . cil), Model)<0, 

0216 for Some observed behaviour of (a (Gc, aGc, 
..., a Gc), for Some real number threshold 0 e0, 1), and 
Some Model which underlies one's estimation or hypothesis 
testing method. 
0217. The sampling Subprocess may be random Sam 
pling, and if random it may be Subject to any of a number 
of possible probability distributions over the objects, includ 
ing a uniform distribution. Similarly, there may be con 
Straints on the Statistical independence or dependencies 
between each of the T Samples drawn during the operation 
of the method, and between each of the r objects drawn 
within one Sample. 
0218 Sample Advantages of Preferred Embodiments 
0219. There is at least one class of problems, arising in 
many diverse application areas, on which the comparative 
advantages of the coincidence detection method and appa 
ratus described above and further to be described below are 
most apparent. Such problems are characterized by: 

0220) 1. a large number of attributes (columns, in 
our representation); 

0221) 2. the possible existence of some number of 
cliques of highly mutually correlated attributes in the 
dataset, each member attribute of each Such clique 
being relatively uncorrelated with attributes outside 
its own clique, and 

0222 3. lack of prior knowledge as to the precise 
number, width (k, as in k-ary correlation and kth 
order feature), and location of Such attribute cliques. 
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0223 All other procedures of which we are aware either 
place prior limitations on the width k of discoverable 
k-tuples, or implement an exhaustive Search, Serial or par 
allel, over all or nearly all possible k-tuples of attributes. To 
put it more simply, the method of the preferred embodiment 
takes approximately the same computation time and 
memory to find a 44-ary correlation as it takes to find a 2-ary 
correlation in the same very high dimensional dataset. Most 
prior methods, in contrast, either rule out the discovery of 
the 44th-order feature or else require the allocation of orders 
of magnitude more time or Space in order to find it. 
0224 Sample Applications of Preferred Embodiments 
0225 Modellers of very large data sets are thwarted in 
their attempts to compute very far into a fully higher-order 
probabilistic model by both the computational complexity of 
the task and by the lack of data needed to Support Statisti 
cally significant estimates of most of the higher-order terms. 
0226. The preferred embodiment computes only a Subset 
of higher-order probabilities, and extracts a limited Selection 
of higher-order features (“HOFs”) for construction of a 
database model. Efficient use can be made of limited com 
puting resources by pre-Selecting Sets of higher-order fea 
tures using the correlation-detection methods described 
herein, and building the most significant (Statistically and in 
terms of application-specific criteria) into model-based clas 
sifiers and predictors based on existing Statistical, rule 
based, neural network, or grammar-based methods. The 
pre-selected sets of HOFs can be used to create rules for 
Such Systems For example, a data Set may be analysed using 
the methods Set out herein to determine that if a company is 
filing a patent application then it should file an assignment 
from the inventor. This rule is then used in the system to 
generate assignments whenever it is determined that a 
company is filing a patent application. Many rule-based 
networks could benefit from pre-processing using the meth 
ods described herein, See for example, the System and 
Method for Building a Computer-Based Rete Pattern Match 
ing Network of Grady et al. described in U.S. Pat. No. 
5,159,662 issued Oct. 27, 1992; the inference engine of 
Highland et al. described in U.S. Pat. No. 5,119,470 issued 
Jun. 2, 1992; and the Fast Method for a Bidirectional 
Inference of Masui et al. described in U.S. Pat. No. 5,179, 
632 issued Jan. 12, 1993. 

0227. The discovered HOFs can alternatively be used 
directly to create products, for example, in the prediction or 
determination of protein Structure, when fed into existing 
methods based on distance geometry or empirically-esti 
mated patterns of cooperativity and folding, or in marketing 
Schemes based on correlated product Sales information. 
0228. Later below, practice of the principles described 
herein using the Los Alamos HIV Database is described. In 
particular, the principles were applied to Study of the V3 
loop of envelope proteins of human immunodeficiency virus 
(HIV). In biochemistry and molecular biology in general, 
covariation of particular residues of a protein likely indicates 
the existence of a structural motif characterizing a region of 
the protein that has a functional, physiological role. 
0229. Envelope proteins are partially embedded in the 
lipid membrane Surrounding a virus particle, and project 
externally from the lipid. When the lipid of an HIV particle 
fuses with the membrane of a host cell during infection, 
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envelope proteins may also protrude from the membrane of 
the infected cell The V in V3 stands for "variable', as the 
sequence of the V3 loop is highly variable between different 
Virus isolates. 

0230 Previously, a Los Alamos group in B. T. M. Korber, 
R. M. Farber, D. H. Wolpert and A. S. Lapedes, “Covaria 
tions in the V3 loop of HIV-1: An information-theoretic 
analysis”, Proc. Nat. Acad. Sci U.S.A. 90 (1993), the dis 
closure of which is hereby incorporated herein by reference, 
described 2-ary covariation mutations in certain residues of 
the V3 loop of HIV 1 envelope proteins. Practice of the 
present principles has confirmed Some of the Los Alamos 
group's results, but has further permitted the discovery of 
other highly covarying groups of residues. Whereas the LOS 
Alamos group could only discover pairwise covariation, we 
describe herein k-ary residue covariation, where k>2. That 
is, we have identified previously unrecognized motifs of 
HIV envelope protein. 

0231. For a particular trial, input consisted of the respec 
tive amino acid sequences of V3 regions from 657 different 
virus isolates, and is shown in Appendix “B”. Source code 
used on the input is shown in Appendices “A” and “D', 
named “File coinc.pl” and “File probsort.pl”, respectively. 
Output is shown in Appendix “C”. 
0232 Referring to Tables C.1 through C.9 set out else 
where below, the results of 6 Separate trials are shown. 
Parameter values are as indicated in the respective legends. 
In each Table, the results are ordered by Statistical signifi 
cance, with the most significant correlation first, and the 
Standard one-letter amino acid code is employed. Thus, 
referring to Table C.6, the most significant coincidence 
observed is the occurrence of alanine (A) at residue 18, 
glutamine (Q) at residue 31, and histidine (H) at residue 33. 
This, like other coincidences Set forth on the cited pages, 
represents the identification of a structural motif of the 
HIV-1 V3 loop which comprises these residues. 
0233 Continuing with the particular example of A18/ 
Q31/H33, the V3 structural motif comprising these residues 
presumably exists on the exterior of the virus particle, and 
that region of the V3 loop likely performs a specific function 
which requires the particular structural motif Thus, the 
structural motif would have to be conserved after muta 
tion(s) to preserve that function. This reasoning is extended 
to other coincidences identified herein. 

0234. The identification of a particular conserved struc 
tural motif of HIV has several uses. 

0235 Using techniques known in the art, a peptide 
embodying the motif could be produced for use as an 
antigen. Accordingly, a vaccine could be prepared. The 
peptide embodying the motif might be made using known 
recombinant methods, as are described generally, for 
example, in Maniatis et al., Molecular Cloning: A Labora 
tory Manual, Cold Spring Harbor Laboratory, Cold Spring 
Harbor, N.Y. (1982) and in Sambrook et al., Molecular 
Cloning: A Laboratory Manual (2nd Edition), Cold Spring 
Harbor Laboratory, Cold Spring Harbor, N.Y. (1989) Alter 
natively, the peptide or a peptidomimetic might be chemi 
cally Synthesized using Standard chemical techniques. 
Monoclonal antibodies to the peptide or peptidomimetic 
could be generated using Standard methods, as described for 
example, in Harlow, E and Lane, D., Antibodies: A Labo 
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ratory Manual, Cold Spring Harbor Laboratory, Cold Spring 
Harbor, N.Y. (1988). Fragments of such monoclonal anti 
bodies, for example, F, fragments, that have Specific affin 
ity for the novel Structural motif could also be generated. 
0236. In another embodiment, a ligand that interacts with 
a structural motif identified according to the invention could 
be generated. That is, the ligand would be characterized by 
having chemical moieties of Suitable identity and Spatially 
located relative to each other So that the moieties interact 
with corresponding residues or portions of the motif. In 
Some embodiments, the ligand could be an agent, e.g. a drug) 
that, by binding to the motif, interferes with function of the 
region. The ligand would therefore be an HIV antagonist 
with potential therapeutic utility. Alternatively, the ligand 
could bind to the particular V3 region comprising the 
identified motif, providing diagnostic utility. Such diagnos 
tic utility can be ex vivo. A ligand with diagnostic utility 
(e.g., an antibody) might comprise a label, Such as a fluor or 
an enzyme conjugate for use in a colorimetric reaction. 
Fluorescence-labelled viruses or virus-infected cells could 
be visualized or counted using fluorescence-microscopy or 
FACS (fluorescence-activated cell sorting). 
0237 Methods of designing and identifying ligands that 
bind to Structural motifs identified according to the invention 
are also provided by the invention. 
0238. Thus, in one embodiment, the invention provides a 
ligand for binding with an envelope protein of human 
immunodeficiency virus (HIV, wherein the envelope protein 
includes a structural motif comprising amino acid residues 
A18/Q31/H33 The ligand includes at least one functional 
group capable of binding to the motif. In a preferred 
embodiment, the ligand includes at least one functional 
group capable of binding to and being present in an effective 
position in Said ligand to bind to residue 18, at least one 
functional group capable of binding to and being present in 
an effective position in Said ligand to bind to residue 31, and 
at least one functional group capable of binding to and being 
present in an effective position in Said ligand to bind to 
residue 33. 

0239). In another embodiment, the invention provides a 
method of designing a ligand to bind with a structural motif 
of an envelope protein of human immunodeficiency virus 
(HIV). The method includes providing a template having 
spatial coordinates of A18, Q31 and H33 in the V3 loop of 
HIV-1 envelope protein, and computationally evolving a 
chemical ligand using an effective algorithm with Spatial 
constraints, So that Said evolved ligand includes at least one 
effective functional group that binds to the motif In a 
preferred embodiment, the ligand includes at least one 
functional group capable of binding to and being present in 
an effective position in Said ligand to bind to residue 18, at 
least one functional group capable of binding to and being 
present in an effective position in Said ligand to bind to 
residue 31, and at least one functional group capable of 
binding to and being present in an effective position in Said 
ligand to bind to residue 33. 
0240. In another embodiment, the invention provides a 
method of identifying a ligand to bind with a structural motif 
of an envelope protein of human immunodeficiency virus 
(HIV). The method includes: providing a template having 
spatial coordinates of A18, Q31 and H33 in the V3 loop of 
HIV-1 envelope protein; providing a data base containing 
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Structure and orientation of molecules, and Screening Said 
molecules to determine if they contain effective moieties 
Spaced relative to each other So that the moieties interact 
with the motif. In a preferred embodiment, a first moiety of 
the molecule interacts with residue 31, a Second moiety of 
the molecule interacts with residue 31 and a third moiety of 
the molecule interacts with residue 33. 

0241 The principles described herein encompass similar 
respective embodiments, including antigens and Vaccines, 
for the other covarying k-tuples described herein, that is, 
both residues of the V3 loop that covary, and particular 
amino acids at certain residues that covary. 
0242. The method of the current invention can be viewed 
as a “high-pass filter' for detection of higher-order features. 
Such HOFs play an important role in database modelling, 
machine learning, and perception and pattern-recognition. In 
database mining and modelling contexts, a procedure for 
discovery of these features might Serve any of Several major 
roles, including: 
0243 1. Preprocessing of large, complex datasets: Many 
of the best modelling methods, including Gibbs models, 
Hidden Markov Models and EM, MacKay's density net 
Works, and related factorial learning methods from the 
neural network community, could be helped significantly in 
capturing higher-order interactions without exhaustive 
Search or combinatorial explosion of parameter space if 
preceded by a fast preprocessing procedure, Such as one 
provided by implementing the principles described herein, 
that found plausibly correlated variables in the database. 
0244 2. Visual exploration of large complex data sets: If 
coupled to even a simple graphical display interface, a 
procedure Such as ours permits a user to view quickly (with 
Small number of r-samples) the most plausibly interesting 
higher-order features in high-dimensional data. 

0245 3. Pre-conditioning and redundancy elimination: 
Thus far, we have stressed the utility of finding inter 
attribute correlations in order to use them in the building of 
models, but in many optimization, learning and data-fitting 
applications, one requires that correlations between vari 
ables be found and eliminated, through any of a number of 
Subspace methods like principal components analysis 
(PCA). 
0246. An Embodiment Using a Programmable Digital 
Computer 

0247 Components for Digital Computer Embodiment 

0248 Data Matrix, Sampling, and Coincidences. Given a 
set of M objects, each of which has either a “Yes” (repre 
sentable by 1) or “No” (representable by 0) value for each 
of a fixed set of NA attributes, the input dataset can be 
arranged into an M-by-NA table of values, which we shall 
call the data matrix or Simply matrix, and this matrix, as well 
as its Sub-matrices and related vectors that comprise func 
tional parts of the System/process described below, are 
Stored in memory locations within a programmable com 
puter. In this representation the rows of the matrix corre 
spond to objects, and the columns correspond to attributes. 
The matrix may be labelled as V, and each element of this 
two-dimensional table labelled by ve{0, 1}, where i refers 
to the ith object (row) o and j refers to the jth attribute 
(column) ai. The set of objects may be listed, for the 
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purposes of this description, as O=O, O2, . . . , OM and the 
Set of attributes may be listed as A=a, a2, .. 
0249 FIG. 5A illustrates these ems as applied to the 
example illustrated in FIG. 5 discussed in more detail below 
with regard to the program method description of a preferred 
embodiment. 

alNA. 

(0250) A particular attribute a may be said to occur in a 
particular object (row) i if at-1. 
0251 Given an ordered list of 1sms Mobjects (rows) 5, 
an incidence vector 2 for an attribute a may be defined as the 
binary vector or String of length m Such that the gth bit is 1 
if and only if the attribute a occurs in the gth object in the 
given list of objects. The incidence vector 2 is a simple 
representation of the pattern of occurrence of the attribute 
over Some Set of objects, for example, the Set of all M objects 
or the Set of objects A o corresponding to one rSample as 
described below 

0252) An r-sample, for example tie three rows identified 
by reference numeral 4 in FIG. 5A, is a set of r of the M 
records drawn randomly from some probability distribution. 
In Some preferred embodiments, the rows within Sample are 
considered to be drawn independently from a uniform 
distribution. 

0253) The drawing of an r-samples sample 4 is performed 
by the System one time within each of a Specified number of 
iterations. In Some preferred embodiments, the Samples 
drawn over the total number T of iterations are considered 
to be drawn independently from a uniform distribution. 
0254. In some preferred embodiments, different values of 
rare used for different Sequential iterations of the Sampling, 
and/or for different Subsets of the dataset processed by 
different processing nodes in a parallel computing embodi 
ment In Such cases, we may say that on the ith iteration or 
in the ith Sample, the number of objects Sampled is r. Some 
advantages of using different Sample sizes include: the 
ability to try, within one run-through of the method, different 
values of r when one is unsure which values of rare best; and 
the ability to pick different values of r for different process 
ing nodes in a parallel computing embodiment, in order to 
make optimal use of different processor Sizes/speeds and 
memory sizes among the different processing nodes. An 
advantage of using the Same, Single value of r throughout a 
run-through of the method is the slight gain in Simplicity of 
the program code. 

0255. A coincident set, or cset, may be defined as a 
pattern comprising the joint appearance of 1sksNA 
attributes (columns) 1 within some set of objects (rows) 5. 
That is, given Some one or more rows 5 under consideration, 
there is a CSeta;1, a2, ..., as if a1, a2, ... and aik all occur 
in the given row or rows. (See FIG. 5A) For example, 
elements AG.c1, B(ac2, DG.c4 identified by reference 
numeral 3 in FIG. 5A are a coincidence set (cset). 
0256 Within the computer memory is stored a data 
Structure termed the Ecset table, which is a means for Storing 
the identity and occurrence count for each cSet that occurs in 
one or more iterations within the process. The identity of a 
cSet is a list of attributes (columns) comprising the cSet; the 
occurrence count is a number corresponding to the number 
of occurrences of a cSet that have been observed up to a 
particular iteration within the process, or at the end of all the 



US 2003/0074142 A1 

iterations. In Some preferred embodiments, the cSet table is 
implemented as a hash table Stored in a computer memory. 
0257). A cSet has, for a given r-sample, a particular 
incidence vector, which is its binary-encoded record of 
occurrences (denoted by j) and non-occurrences (0) over 
the r data items in the Sample. Therefore a cSet, correspond 
ing to a set of k attributes, may have an associated incidence 
vector; and an individual attribute may have an associated 
incidence vector. 

0258. A match (or coincidence) of size his said to occur, 
in a given r-Sample, for a given cSet Cl=(a;1, • • • a;k), when 
as appears in h out of the r records, . . . , and as appears in 
hout of the r records, and they all appear in exactly the same 
hout of r records (See FIG. 5A). 
0259) Observed Counts of Coincidence. The coinci 
dences are observed, and the corresponding cSets Stored or 
updated, by means of a binning method. In each iteration, 
the attributes are binned, that is, placed into Separate Subsets 
according to their incidence vectorS2 over the r-Sample 4 for 
the current iteration. In this described matrix-based embodi 
ment of the invention, these vectors act like r-bit addresses 
into a very sparse subset of 2 address space. (See FIGS. 5 
and 5A). 
0260 All the attributes in one bin constitute a cset. The 
cSet is recorded: if the particular cSet has occurred in a 
previous iteration, then its count of occurrences is updated; 
if it has not occurred previously, then an entry in the cSet 
table is created for it, and then its occurrence count is 
updated. In this described embodiment, the System Stores the 
number h:0shsr of occurrences for this and each iteration 
After a specified number T of iterations has been completed, 
the cSet table contains a list of all the cSets observed, and, for 
each cSet C, a total number of observed coincidences, which 
corresponds to X" - h;(C), where h;(C) is the number of 
joint occurrences for the kattributes comprising a for the ith 
iteration. 

0261 Expected Count Function. An expected count func 
tion is a mathematical function, implemented as a computer 
program or Subroutine, or in electronic or optical circuits, 
which takes a set of attributes a1, a2,..., as and a number 
T and produces a number corresponding to an expected 
number of coincidences for that Set of attributes in a proceSS 
of T iterations of drawing of r-Samples and observing 
coincidences. 

0262. In one particular embodiment of the invention, the 
function f (C., h, r) is obtained from the multinomial 
distribution 

r 

h (r-h) fratch (a, h, r) = ( )p(a1, ... , air)"p(a1, ..., aik)"), 

0263. This formula gives an estimate of the probability 
for finding exactly h occurrences of at, h occurrences of af2, 

. . , and h occurrences of a, all occurring in the Same h 
rows, in one r-Sample. 

0264 (This function definition has a simple form because 
all but two of the large number of p() factors in the standard 
multinomial expression vanish with Zero exponents.) 
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0265). The probability of a match of size h for the k 
attributes which make up a potential cSet has been defined in 
terms of the joint probability p(ai, . . . , ai); the Expected 
Count Function must employ particular estimates for these 
joint probabilities. In this preferred embodiment, the joint 
probability estimates incorporate the hypothesis of indepen 
dence between the individual attributes Therefore in the 
definition formula given above we substitute II, p(a) for 
p(a;1, . . . . ai) and II,-' (1-p(a)) for p(a;1, ..., a.k). 
0266 Hypothesis Test Function and Correlation Mea 
Sure. An hypothesis test is a mathematical procedure, imple 
mented as a computer program or Subroutine, or in Special 
purpose electronic and/or optical hardware, which takes a 
pair of number Her and Hots, representing the expected and 
observed numbers of coincidences, respectively, for a par 
ticular set of k attributes, and produces a number C repre 
Senting an estimate of the correlation among the k attributes. 
0267 In some preferred embodiments, a Chernoff bound 
on tail probabilities provides the hypothesis test function, as 
described below. 

0268 Let random variable X, hold the value h; for each 
iteration i, and let X=x." X, and note that 0s XsTr. The 
method of Chernoff-Hoeffding bounds 8 provides the 
following theorem: 
0269 Let random variable X, hold the value h; for each 
iteration i, and let X=x" and note that 0sXsTr. The 
method of Chernoff-Hoeffding bounds 8 provides the 
following theorem: 
0270 Let X=X+X+...+X be the sum of n indepen 
dent random variables, where 1.<Xsu for reals 1 (“lower”) 
and u (“upper'). 
0271 Then 

-2.62 (1) 
PX - ELX > 0 < expt . 

(: (iii -1) 

0272 For our purposes, we set n=T and 1–0 and u=r for 
all r=1,2,..., T, and we thereby obtain 

-2.6° (2) 

(r) 
PX - ELX > 0 < exp 

0273). Using this mathematical relationship, an effective 
procedure for computing a correlation value can be defined 

–2(Hobs - Hop) 

(r) 

0274. In the special case wherein the same sample size r 
is used for every iteration of the Sampling, that is, when r=r 
for all r=1,2,..., T. then the above formulas reduce to the 
Simpler forms: 

Corr (a) = 1 - exp 



US 2003/0074142 A1 

-2.6° 
(Tr2) 

PLX - ELX > 0 < exp (2a) 

–2(Hobs - Hop) 
Corr (a) = 1 - exp (Tr2) 

0275. Here the correlation value corresponds to an esti 
mate of 1 minus the probability of having observed His 
coincidences, over Titerations of r-Sampling, if the hypoth 
eses underlying the expected count He were true. If the 
assumption of independence between the attributes was used 
to compute H as described above for Some preferred 
embodiments, then this hypothesis test provides a correla 
tion value for each cSet that estimates the deviation from 
independence; that is, it estimates the Statistical dependence 
between the attributes making up the cSet. 
0276 Operation of the Components Within a Process 
0277 Typically, the representation component is per 
formed first within the overall process of the current inven 
tion. A plurality of Sampling iterations is performed on the 
representation of the data, and for each r-Sample, the detec 
tion and recording of coincidences is performed. The Sam 
pling iterations may be performed Sequentially or in parallel, 
or in Some combination of Sequential and parallel StepS. 
0278. At any stage within the process, the determining of 
an expected count of coincidences, for Some or all of the 
coincident Sets of attributes, is performed. This component 
of the proceSS may be performed all at once for all coinci 
dent Sets, or incrementally; Sequentially or in parallel, or in 
Some combination It may be performed for coincident Sets 
(cSets) as each coincidence is detected or Stored, or may be 
performed before or after Such detection or recording. 

0279. After some number of sampling iterations has been 
performed, the comparing of actual to expected number of 
coincidences may be performed for Some or all recorded 
coincident Sets. This may be done for all cSets at once, or for 
any Subsets of them at different points throughout the 
process. These comparisons for different cSets may be 
performed Sequentially or in parallel, or in Some combina 
tion thereof 

0280. After some number of sampling iterations has been 
performed, the reporting of Sets of correlated attributes may 
be performed for some or all of the recorded coincident sets 
that have been determined, in the comparisons, to Signal 
Significant correlations between the component attributes. 
This may be done for all cSets at once, or for any Subsets of 
them at different points throughout the process. These com 
parisons for different cSets may be performed Sequentially or 
in parallel, or in Some combination thereof 
0281) Program Method Description of a Preferred 
Embodiment 

0282 Below is shown, in pseudocode, a program on 
appropriate media, for example, a floppy disk, hard drive, 
RAM or other Such media, corresponding to one possible 
embodiment on a programmable digital computer. 

0283 FIG. 5 provides a pictorial example of the appli 
cation of this embodiment to a fictional toy dataset. Three 
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iterations of r-sampling (for r=3) on the toy dataset are 
depicted, top to bottom. For each iteration, the left-handbox 
represents the dataset, with outlined entries representing the 
Sampled rows. The right-hand-box represents the Set of bins 
into which the attributes collide For example, in the first 
iteration, A(O)1, BO)2, and DO)4 all occur in the first and 
Second of the three Sampled rows, So they each have 
incidence vector 110 and collide in the bin labelled by that 
binary address. Bins containing only a single attribute are 
ignored; and "empty' bins are never created at all. All bins 
are cleared and removed after each iteration, but collisions 
are recorded in the Csets global data Structure. 

0284 Procedure to find correlated sets of attributes: 
0285 0. begin 
0286 1. read (MATRIX); 
0287) 2. read (R, T); 
0288) 3. compute first order marginals(MATRIX), 
0289 4. csets={}, 
0290) 5. for iter=1 to T do 
0291 6. sampled rows:=rsample(R, MATRIX): 
0292 7. attributes=get attributes(sample rows); 
0293 8. all coincidences:=find all coincidences(at 

tributes); 
0294. 9. for coincidence in all coincidences do 
0295) 10. if cset already exists(coincidence, csets) 
0296 11. then update cSet(coincidence, cSets), 
0297 12. else add new cset(coincidence, csets); 
0298 13. endif 
0299) 14, end for 
0300 15. end for 
0301) 16. forcset in csets do 
0302) 17. expected:=compute expected match 

count(cSet); 
0303) 18. observed:=get observed match count(c- 

Set); 
0304) 19. stats:=update stats(cset, hypoth test(ex 
pected, observed)); 

0305) 20, end for 
0306 21. print final stats(csets, stats); 
0307 22. end 

0308 Steps 5 through 21 of the pseudo-code represents 
the Steps of the base method described to herein, namely: 

0309 sampling a subset of the matrix for a prede 
termined number of iterations, each Subset of 
attributes being the Same, 

0310 detecting and recording counts of coinci 
dences of attributes in each Sampled Subset, a coin 
cidence being the occurrence of a plurality of 
attributes in an object in a Sampled Subset, where the 
plurality of attributes is the same for each occur 
rence, 
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0311 determining an expected count for each coin 
cidence of interest, the determining being performed 
before, at the same time, or after Sampling, detecting 
and recording, 

0312 comparing, for each coincidence of interest, 
the observed count of coincidences versus the 
expected count of coincidences, and from this com 
parison determining a measure of correlation for the 
plurality of attributes for the coincidence, and 

0313 reporting a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes is 
a plurality of attributes for which the measure of 
correlation is above a pre-determined threshold 

0314 Appendix “B” contains actual source code written 
in the Perl language for running on a Sun4 computer in the 
Sun UNIX operating system. Sample input data for the code 
listing in Appendix “B” is listed in Appendix “C” for partial 
amino acid sequences from V3 loop of HIV envelope 
proteins. The corresponding output from the code of Appen 
dix “B” for the input of Appendix “C” is shown in Appendix 
“D’. In order to produce the output of Appendix “D’, the 
adjunct Pert language program listed in Appendix “E” was 
used for clarification and presentation from the main code 
listing in Appendix “B”. A general flow diagram for this 
embodiment is shown in FIG. 6, while a general block 
diagram is shown in FIG. 7. The resulting report was stored 
in a flat file as a relatively unstructured ascii database, which 
was later printed; it could equally well have been Sent to a 
printer directly or sent across a network for report to other 
CSOUCCS. 

0315) Alternative Embodiments 
0316 Descriptions of alternative embodiments of the 
present invention may be divided into two categories, 
described separately below: first, different physical embodi 
ments of the System/proceSS as may be used in many 
potential problem-specific applications, and, Second, differ 
ent interpretations of the components enumerated in the 
description above, according to different problem-specific 
applications of the present invention. 
0317. Different Implementations 
0318 For example, among the many possible embodi 
ments as programs on programmable digital computers. 
03.19. The method may be run entirely sequentially, as in 
the most Straightforward interpretation of the pseudocode 
given above, or the method may be run on parallel (vector 
or multiprocessor) or distributed computer Systems in many 
possible ways. A set of computations may be run in parallel, 
in which each computation performs the entire program 
Steps outlined above, but with each Separate computation 
using a different value for r, the Sample size; or each Separate 
computation could run the same program Steps with Same 
key parameter values, but Start with different initial random 
number Seeds for the random r-Sampling. Alternatively, the 
entire program Steps outlined above could be run once, but 
each different rSample could be forked off into a separate 
proceSS run on different processors, where in each Such 
proceSS would comprise the detection and optionally record 
ing Steps, with the global cSet counts later joined into the 
global proceSS and global data Structures. Additionally, the 
computation of the expected counts, and the comparisons of 
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expected with observed counts, could be performed all at 
once or incrementally, Sequentially or in parallel. Similarly, 
the reporting of the estimated correlation values can be 
performed for some or all of the Csets, once at the end of 
computation or incrementally throughout, in Serial or par 
allel 

0320 The output of the method, which can include the 
reporting of the Significantly correlated k-tuples of attributes 
(the cSets that are deemed Sufficiently highly correlated in 
the comparing, a.k.a., hypothesis testing Stage), can be 
Verbal, and/or numerical and/or graphical. 

0321) A number of sampling schemes are possible, 
including deterministic, pseudo random, or purely random. 
And if pseudo-random or random, any of a number of 
random Sampling Schemes may be used, including hyper 
geometric and multinomial Sampling. The r objects within 
an r-sample may be sampled “with replacement” or “without 
replacement'. At the next level up, the Set of r Samples 
themselves may be drawn “with replacement” or “without 
replacement'. 

0322 Different choices for the key sampling parameter r 
are possible, and it is not AS necessary to use the same 
number r for each Sample. 

0323 Many possible choices exist for T, the number of 
Sampling iterations. It is possible to use any of a number of 
mathematical methods for choosing T in order to achieve a 
desired confidence level in the degrees of correlation esti 
mated for the k-tuples of attributes discovered by the method 
of the current invention. Alternatively, it is possible to run 
the procedure for a given fixed number of iterations and then 
print or view the results, or to interleave the running of Some 
number of iterations with the printing or viewing of partial 
results. 

0324 Many possible ways exist for the representation, 
Storage, and accessing of the Csets data Structure used 
during the processing of the algorithm. The Csets data may 
be Stored and accessed via a hash table, a k-d tree, patricia 
tree (also called a trie), and/or in other ways, known to those 
skilled in the art, of Storing and accessing data efficiently. 
Whatever data Structure is chosen, the Structure may be 
Stored physically in registers, in main memory, and/or on 
Secondary or external Storage media Such as magnetic disks, 
magnetic tape, or optical Storage media. 

0325 Alternative to the embodiments of the method on 
general-purpose computing hardware of various types, there 
are many possible embodiments on Special-purpose elec 
tronic, optical, or electro-optical hardware, or Some combi 
nation of general-purpose and Special-purpose architectures 
and devices. 

0326 For example, very efficient special purpose elec 
tronic (LSI or VLSI) may be used to implement the matrix 
representation of the current invention, by the fact that the 
incidence vectors of attributes are simple binary vectors, by 
the fact that the coincidence “bins', described earlier in one 
View of the current invention, correspond to “addresses to 
a memory Space of size 2 for each r-Sample, and by the 
ability with current technology to design, fabricate and use 
Special-purpose hardware for implementations of random 
number generation and Sampling, fast-access Storage of the 
Csets data Structures, and of the mathematical functions 



US 2003/0074142 A1 

used in the calculation of expected count estimates and 
hypothesis tests and correlation estimates. 
0327 Special Purpose Hardware Method Description of 
a Preferred Embodiment 

0328 1. Overview 
0329 Referring now to FIG. 14, an embodiment of 
Special purpose hardware mentioned previously is intended 
to exploit the potential benefits of parallelizing the execution 
of the algorithm A node (defined below) divides a given data 
set along M (the number of rows of data) and distributes 
these portions to its CPs (also defined below). The CPS may 
be either other nodes (in a recursive definition) or may be 
Special purpose processors developed to perform Step 8 in 
the method as described in high-level “pseudo-code” in the 
previous Program Method Description of a Preferred 
Embodiment Section. When the results have been computed 
by the node's CPS, the merging step (Steps 9 through 14 in 
the above-noted “pseudo-code” description) is performed by 
the node. Once the merging has been done, the results are 
passed back to the node's parent. If the node is the root of 
the tree, the complete results Set is Sent back to the driver 
that controls this hardware. The system described below can 
be used “off-line” from a main computer's CPU, among 
other possibilities for commercial marketing and use of Such 
a System is its implementation on a Special “board' or “card” 
that a user can purchase and install on his or her personal 
computer or WorkStation. One can also envision the use of 
one or a number of Such special Subsystems on a local area 
network or a "Supercomputer installation The described 
embodiment represents only one of many possible ways, as 
will be understood by those skilled in the art, to parallelize 
the methods described herein. 

0330. This implementation described below is assumed 
to act Solely on character-valued data attributes. This is in no 
way a limitation of the basic methods described herein, 
rather it is a Specific implementation of the basic methods. 
The implementation could easily follow a binary-attribute 
encoding as described elsewhere herein 
0331. A diagram of a node is shown in FIG. 14 with 
compute processors (CPc). The node includes the following: 
0332 A bank of memory where input to be sent to the 
CPs is stored (the input buffer) and where results found by 
the CPs will be stored (the output buffer). 
0333. A memory bus divided into control, data and 
address buses used to arbitrate communication on the bus 
itself as well as being the vehicle for data transfer. 
0334. A set of bit flags and a small additional portion of 
memory (LastOut). LastOut is the address of the section in 
the output buffer that was last written to. The two bit flags 
are used by the merge and I/O processors to determine what 
State they each are in. 
0335) An array of size J of compute processors (CPs), 
each with their own local memory caches, which perform 
the discovery of coincidences. 
0336 A merge processor (MG) which has its own cache 
of memory in which it writes the merged results of the CPs. 
0337 An input/output processor (IO) whose main 
responsibility is to control use of the bus. 
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0338 A clock which is used to ensure that each element 
in the System runs Synchronously with respect to every other 
element. Execution of each of the parts in the System can be 
thought of as running in lock-Step. 
0339 Computer processors are defined as being either 
Special processors that perform the R-sampling Step of the 
algorithm (step 8 in the pseudo-code description and graphi 
cally in FIG. 5. This allows the possibility of a tree structure 
of Such nodes rather than limiting embodiments Solely to a 
vector arrangement. For any particular choice of hardware 
for the memory bus, it may be the case that there is a 
maximally useful limit on the number of CPs per node. A 
tree Structure allows a way around this limit. 
0340. The implementation assumes that maximal values 
of method parameters R and N (Rmax and Nimax) are 
specified a priori. It is the responsibility of the software 
driver to detect when these limits have been violated and 
react accordingly 
0341) 2. Bank of Memory 
0342. For each node, memory of Size 
2J* Amax Rimax Nimax, where Amax is the maximal total 
number of iterations that can be done in the node. This 
memory is divided equally into the input and output buffers. 
Note that the size of the input for a single iteration is no 
greater than J*Rmax*Nmax and neither the locally-pro 
duced results nor the final merged results (formed by com 
bining the partial results from the JCPs) can exceed this 
limit, So there is no risk of exceeding available memory. 
0343 Access to this memory is as follows. 
0344 IO has write access to the input buffer and read 
access to the output buffer. 
0345 MG has no access to the input buffer and read 
access to the output buffer. 
0346 CP has read access to the input buffer and write 
access to the output buffer. 
0347 3. Memory Bus Control of the memory bus is the 
responsibility of the IO processor. Each CP is assigned a 
numeric identifier (0 to J +1 as IO is implicitly assigned Zero 
and MG is assigned 1). The memory bus is divided into three 
Sections: 

0348 Control: Two wires for each CP, two for MG and 
two for IO comprise the control bus. The first of each pair 
is called the request wire while the Second is known as the 
response wire. 
0349 Address: Each device in the system is assigned a 
unique memory address range. The address bus, used in 
combination with the data bus, determine what device the 
current value on the data bus will be written to and, if 
applicable, where within that device it will be stored. The 
width of the address bus (i.e. the number of wires in it) is 
determined for a choice of size for the memory Storage of 
input and output and thus will not be specified here. 
0350 Data: Given the assumption that only character 
valued data attributes will be handled by this system, the 
data bus is eight wires wide. 
0351 Bus arbitration is handled through the use of the 
control bus. When a device (here meaning MG, IO or one of 
the CPs) wishes to use the bus, it asserts a logical 1 on its 
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request wire. On any given cycle, more than one device may 
have done so. IO, when it returns to its bus arbitration duties, 
Simply Sets the lowest numbered device's response wire to 
1 and Zeroes all the other response wires This tells the lowest 
identified device that it has permission to use the bus (reads 
and writes are not indicated-IO is responsible for estab 
lishing this context) and all others that they must wait. All 
devices that wish to use the bus continue to assert 1 on their 
request wire until given permission. When the permitted 
device has finished with the bus, the device asserts 0 on its 
request wire, indicating to that it may reassign the bus to 
another device. “Handshake' and other types of protocols, 
Such as described above, are well-known to and understood 
by those skilled in the art. 
0352) 4. Bit Flags and Additional Memory 
0353. The additional memory is used by IO to store the 
last written output Section. There is no need to Store a list of 
such sections for MG because “write's to the output buffer 
are done incrementally and MG can determine how many 
unused Sections it has waiting by comparing its last read 
index with the last written index. Only IO can write to this 
memory and only MG may read from it. 
0354) Two bits flags are used to indicate “IO finished” 
(meaning IO has sent all data out and received all CP output) 
and “Merge finished'. 
0355 5. An Array of J Compute Processors 
0356. As noted above, these are either nodes or are 
Special purpose processors that compute one R-sampling 
Step in the algorithmic description of the general method of 
the current invention In the latter case, they may comprise: 

0357 a processor which performs the coincidence 
detection in addition to the functions listed below 

0358) 
0359 The memory is split into two equal portions for 
input and output. 
0360 Initially, a CP asserts 1 on its request wire, indi 
cating that it is ready for data. When is it sees only its 
response wire Set to one on the following cycle, it expects to 
be sent the current values for R and N and then the data itself 
(otherwise, it waits for this to be the case). Based on the first 
two values, it can determine when the current input is 
exhausted. It then asserts 0 on its request wire and performs 
the binning and coincidence detection Steps of the method. 
When these steps have been completed the CP asserts logical 
1 again on its request wire, this time indicating its desire to 
Send its results. When given permission to use the bus, it 
sends its coincidence set to IO. IO is responsible for man 
aging the location for Storage of this data. The output Stream 
of the CP comprises a tally of the coincidences found 
followed by the coincidences (csets) themselves. The coin 
cidences are of the form: 

0361 hit count (no higher than Rimax) 
0362 size (that is, the width of the cset, i.e., the 
number of component attributes) 

0363 a size-long list of the attributes of the coinci 
dence in form (value, position) 

0364) When all data has been sent to IO, the CP asserts 
1 on its wire to request more data. 

2 *Nmax*Rmax sized local memory 
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0365 6. Merge Processor MG 
0366 The merge processor may comprise: 

0367) 
0368 NmaxRimax local memory used to store the 
output from one CP counters C1 and C2 (the former 
tracks the last output section read by MG; 

0369 the latter counts the number of coincidences 
currently stored in the merge buffer) 

a processor that runs the merging Step 

0370 memory used to store the current value of A 
0371 memory of size JNmaxRmaxRimax used to 
Store the merged results 

0372 Initially, MG sets its counters to zero and its 
request wire to Zero and waits for 10 to signal it (by Setting 
this wire to 1) that there is output data to be processed. 
0373) When MG sees that its request wire has been 
turned on, it knows to start receiving output data indexed by 
the counter into its local memory. Once this has been 
accomplished, MG can Start the merging algorithm. The 
merge is done from the local memory directly into the merge 
buffer (C2 must have the current number of coincidences 
when this step is finished). When this step is completed, MG 
retrieves the current value of LastOut. If it is greater than C1, 
then MG knows it can increment C1 and move directly on 
to the next output Section. If C1 and LastOut are equal, then 
MG sets its request wire to zero. If C1 has reached AJ, then 
MG knows that all the results have been computed and 
merged (and thus, that all CPs and IO are idle) and that it 
should set its bit flag to one (indicating that it is finished) and 
start sending the contents of the merge buffer back to IO for 
transmission to this node's parent. The results are Sent 
simply as the value of C2 followed by the list of coinci 
dences stored in the merge buffer (the form of the coinci 
dences is identical to that described in Section 5 above). 
0374 7. Input/Output Processor IO 
0375) 

0376) 
0377 a counter, C1, indicating the next available 
output bin 

0378 a counter, C2, indicating the next unused R*N 
portion of input 

IO contains: 

a bit vector of size J 

0379 IO is intended to govern the execution of the 
algorithm as a whole as it is responsible for the bus arbi 
tration scheme outlined earlier. Initially, IO sets C1 and C2 
to Zero and Zeroes its bit vector (indicating that it has sent no 
data to any CP) and waits for the software driver to start 
Sending it data. During this time, it knows that no work can 
be done, and thus Zeroes all permissions for the bus. An 
interrupt signals the arrival of data from the driver and IO 
continues to Zero all communication requests until all the 
data has been written to the input buffer The incoming data 
is of form: 

0380 N 
0381, R 
0382 T, the total number of row sets of size R sent 
data stream of size TRN 
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0383 IO can thus determine when no more data can be 
expected. Note that it is the responsibility of the driver to. 

0384 divide data mining requests into sizes no 
greater than AmaX 

0385) ensure that the number of rows sent as input is 
evenly divisible by R 

0386 ensure that Rmax and Nimax have not been 
exceeded by the current data Set 

0387) 
0388 Once all input has been stored, IO sends out data of 
size R*N to each CP, by first setting the ith bit in the vector 
to one (this indicates that IO should expect output from CP), 
Signaling that CP by Setting its response wire to 1 while 
Zeroing all others, Sending the data onto the bus and finally 
incrementing C2. 

0389). When all CPs are busy (or all available input has 
been exhausted), IO waits for a CP to assert 1 on its request 
wire which indicates that it is ready to Send back results, 
Once this signal has been received from a CP, IO retrieves 
the results from the CP, stores them in the output section 
indexed by the counter, Zeroes the bit associated with that 
CP, increments C1 and asserts Ion the MG request wire. If 
there is unused data in the input buffer, IO sends the next 
available R N set to the CP who just returned results 
(setting the bit for that CP to one). When C2 equals T and 
the bit vector contains no bits set to 1, then IO knows that 
it is finished and sets the IO bit flag to 1. At this point, IO 
goes back to the previously described wait State until it sees 
the MG bit flag also set to 1 (indicating that MG has finished 
its work). Once this occurs, IO calls an interrupt (if this node 
is the root of the tree) or just requests to send (if this node 
has another node for a parent), gives MG permission to write 
on the bus and then passes all data sent from MG to the 
parent. 

merge all results Sent back from the device 

0390 Note that the proposed scheme allows for unequal 
execution time among the CPS-the next CP to get data is 
the one most recently finished with its last allowance of data. 
Thus, even though the overall operation of the System is 
clocked, there is a degree of asynchronous processing abil 
ity. 

0391 The choices for particular processors, buses and 
other components are open to the discretion of designers, 
fabircators, manufacturers, Sellers, buyers and users, and the 
ranges of options are known to those skilled in the art. In 
particular, all parts of the embodiment described above may 
be obtained from “off-the-shelf sources, or may be spe 
cially designed at the VLSI level by persons skilled in the 
art. 

0392 Different Applications pp 

0393 General 
0394 Special-purpose embodiments are also possible. 
For example, in an application to marketing and analysis of 
Sales/transactions data, the objects input to the methods of 
the present invention can correspond to transactions, and the 
attributes correspond to instances of Sale of particular prod 
ucts or Services. 

0395. In an application to the process management, 
industrial engineering or computer Systems management, 
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the objects can correspond to particular time Slices or time 
periods, and the attributes correspond to the on/off or 
used/unused Status of particular components, resources, or 
Subsystems. The goal of the application could be to find 
k-ary conflicts or conflicting demands among interacting 
Subsystems or users, in order to improve the efficiency or 
lower the costs of the operations. 
0396 For example, the methods can be adapted to control 
a process for production of a product as shown in the general 
flow diagram of FIG. 8 and the schematic diagram of FIG. 
9 This example can represent an automated sheet metal 
assembly plant. The methods could be applied to existing 
data Set in order to discover correlation that indicate demand 
for one of the products from the plant will significantly 
decrease in the Summer months due to cyclical variations, 
while demand for another product increases. A link to 
automated process control Systems in the plant could reduce 
orders for the first product, while increasing orders for 
another. Many other examples will be evident to those 
skilled in the art, including variations to the actual structure 
of the products as a result of discovered correlations 

0397. In an alternate embodiment, the discovered corre 
lations may be used to generate rules for a rules based 
System that in turn produces products based upon those 
rules. A general flow diagram for Such an embodiment is Set 
out in FIG. 10. A corresponding Schematic diagram is set out 
in FIG. 11. 

0398. In a further alternate embodiment, the rules based 
system could be used to control a process that creates 
products. A general flow diagram for Such an embodiment is 
Set out in FIG. 12. A corresponding Schematic diagram is Set 
out in FIG. 13. 

0399. In application to financial analysis or trading, the 
objects can correspond to particular time slices or time 
periods, and the variables can relate to particular prices, or 
price changes, of particular financial instruments or com 
modities. By dividing the prices of each instrument or 
commodity into a set of discrete levels, or by using a simple 
binary code for “increase VS. decrease', one can represent 
each Such instrument or commodity by a set of attributes, 
and the invention can be employed to discover k-tuples of 
instruments or commodities whose price movements are 
correlated. Those in the art know of many ways to gain value 
from Such discovered information. 

0400. In applications to medicine, epidemiology, or envi 
ronmental Science, the objects can correspond to particular 
patients, or to different timed observations of a single 
patient, or Samples from the same or different environmental 
resource (Such as air, Soil, or water); the variables and 
derived attributes would correspond to levels, or the pres 
ence/absence of particular Symptoms, drugs, toxins or con 
taminants. In this way, one can use the present invention to 
discover interactions that may cause disease or environmen 
tal hazards 

04.01. In molecular and structural biological applications, 
the objects might correspond to DNA, RNA, or protein 
Sequences and/or structures. The attributes might correspond 
to the presence of particular bases or amino acids at par 
ticular Sequence positions, or to Substructures with particular 
geometric, chemical, physical, or biological properties at 
particular Sequence or structural positions, or to the presence 
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or absence or levels of other global or local properties. For 
example, Set out further below is a detailed application of the 
method to protein Structure prediction, examples of which 
have previously been described. 
0402. In pharmacological applications, the object might 
correspond to molecular Structures or other labels or repre 
Sentations of particular compounds or drugs, and the 
attributes might correspond to the presence, absence, or 
levels of particular geometric, chemical, physical, biologi 
cal, toxicological, therapeutic and/or other properties and 
features, e.g., particular chemical moieties. The present 
method would be used to find correlations among k-tuples of 
Such properties, and this information can be useful in the 
design and testing of compounds and drugs, and in the 
design of combinatorial libraries for Screening and testing, 
or for other processes or Steps in drug discovery and drug 
design. Alternatively, the above mapping can be transposed, 
So that the objects correspond to the properties and features, 
and the attributes correspond to the compounds and drugs. 
In this way, the present invention can be used to find Sets of 
drugs with Similar or complementary or Synergistic or 
antagonistic activities. This, too, is extremely useful in drug 
discovery and drug design. 
0403. In applications to demographics, marketing, insur 
ance and credit ratings, and/or fundraising, the objects can 
correspond to particular people, or companies, or organiza 
tions. The attributes could correspond to the presence or 
absence or levels of properties and features relating to 
employment, income, wealth, credit history, lifestyle, con 
Sumption patterns, or Social/political opinions or affiliations. 
The present method could be used to discover associations 
between Such factors, which can be useful in Such tasks as 
predicting credit/insurance risks or detecting fraud; or in 
determining the best targets for allocating limited marketing 
or fundraising resources, for example. 
04.04 The problem of finding all significant correlations 
among pairs or k-tuples of attributes in a database is ubiq 
uitous in the computational Sciences and in medical, indus 
trial, and financial applications. The principles described 
herein include a probabilistic algorithm that has the inter 
esting property of finding Significant higher-order k-ary 
correlations, for all k Such that 2sks N in an N-attribute 
database, for the Same computational cost of finding just 
Significant pairwise correlations Moreover, k need not, be 
fixed in advance in our procedure, in contrast with other 
known procedures. The procedure was deigned for the task 
of finding conserved Structural relationships in aligned pro 
tein Sequences, but may have more useful application in 
other domains. 

04.05) Application of the Principles Described Herein to 
Protein Sequence Analysis 
0406. There are interactions between sequence-distant 
amino acid residues in the protein chain, Sometimes detect 
able as correlations between positions (columns) in a set of 
aligned Sequences from a protein Structural family, that play 
an important role in determining structure and function. 
Discovered correlations may represent an evolutionary his 
tory of compensatory mutations, and may provide useful 
features in models of protein Structural/functional families, 
but are ignored or mishandled by most ML (machine learn 
ing) classification methods, in part because of the high 
computational complexity of Searching for k-tuples of cor 
related positions. 

20 
Apr. 17, 2003 

0407. In order to practice the invention on a matrix of 
biological Sequences Such as nucleotide or amino Sequences, 
the different Sequences are first optimally aligned for the 
purpose of comparison A position in a first Sequence is 
compared with a corresponding position in a Second 
Sequence. When the compared positions are occupied by the 
Same nucleotide or amino acid, as the case may be, the two 
Sequences are identical at that position. The degree of 
identity between two Sequences is often expressed as a 
percentage representing the ratio of the number of matching 
(identical) positions in the two sequences to the total number 
of positions compared. Optimally aligning two or more 
Sequences generally involves maximizing the degree of 
Sequence identity between them. 

0408. Several algorithms and computer programs are 
known to those of ordinary skill in the art for aligning 
sequences. These tools include the PILEUP program from 
the Genetics in Computer Group (Madison, Wis.)package 
(version 8) using a modified version of the progressive 
alignment method of Feng and Doolittle J. Mol. Evol. 25, 
351 (1987); CLUSTAL X, freeware available from the 
European Molecular Biology Laboratory (EMBL), Heildel 
berg, Germany; and BLAST, freeware available from the 
National Institutes of Health (NIH), Bethesda, Md., 
BLASTP is used for amino acid sequences; BLASTN is 
used for nucleotide sequences and BLAST X is used for 
nucleic acid codon/amino acid translation. 

04.09. Several kinds of useful information can be obtained 
from protein Sequence family analysis. 

0410 First, there is information to be extracted at the 
level of individual Sequences, in the form of joint Symbol 
frequencies. It is well-known that an abnormally high 
observed frequency of a particular Single-position pattern 
(e.g., “G occurs at residue number 3 in 98% of these 
Sequences”) can reveal an important physico-chemical con 
Straint on Secondary or tertiary Structure. This is also true of 
Surprisingly-frequent joint Symbol occurrences (e.g., “G at 
position 3, Lat position 5, and Mat position 87 occurs much 
more often than would be predicted by the individual 
marginal frequencies”). Such long-distance co-occurrences 
might be especially indicative of tertiary constraints, 
because the designated positions may be nearby each other 
in the 3D structure to which all of the modelled sequences 
correspond. (This detection of "Suspicious coincidences”, as 
when p(A,B)>p(A)p(B), is at the heart of pattern recognition 
and learning, as noted long ago by others). 
0411 Second, there is information to be extracted at the 
“next level up', of statistical relationships between the 
positions (columns in an alignment of homologous 
Sequences). If the existence of frequently occurring joint 
symbolk-tuples can be used to infer 3D structural interac 
tions, Such an inference is even better Supported by certain 
information-theoretic relationships between positions (col 
umns) over a set of many different joint Symbol occurrences. 
This is because Such Symbolic relationships can signify 
evolutionarily conserved physical or Structural relationships 
between different parts of the protein chain. (See FIG. 15). 
The observation of high values of mutual information and 
other correlation measures between columns has been used 
successfully to predict3D structural interactions in RNA and 
in HIV proteins, for example, see C. E. Shannon and W. 
Weaver The Mathematical Theory of Communication The 
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University of Illinois Press, 1964. While these previously 
reported efforts have focused on pairwise residue-residue 
interactions, the principles described herein, aim at the 
detection of k-ary interactions for 2sks N 
0412 Discovered k-tuples of correlated amino acid resi 
dues cane be used in protein Structure prediction and struc 
ture determination 

0413 Local predictions can help narrow the search for 
the best global Structure predictions. 

0414 First, there are distance geometry constraints. Sec 
ondary Structure prediction, and the discovery of k-ary 
long-distance interactions, give evidence for presumed con 
tacts, of the form contact(i) for the ith and jth amino acid 
residues in a protein. Using the kind of distance geometry 
theory developed by others (see for example, T. F. Havel, L. 
D. Kuntz, G. M. Crippen The Theory and Practice of 
distance Geometry Bull. of Mathematics Biology v.45 1983 
pp. 665-720. and K. A. Dill, K. M. Feibig, H. S. Chan 
Cooperativity in Protein-Folding Kinetics Proc. Natl. Acad. 
Sci. U.S.A. v.90 March 1993 pp. 1942-1946), one can derive 
a set of inferred contacts. One can also derive Sets of inferred 
blocks, contacts that are forbidden by a given Set of pre 
Sumed or inferred contacts. ESSentially, given a model of a 
polymer chain constrained to exist within a fixed Volume, 
the assumption that two particular pieces are brought into 
contact implies that Some other pieces are also brought into 
proximity and that Still other pieces are moved further apart. 
Indeed, others have concluded that “considerable amounts 
of internal architecture (helices and parallel and anti-parallel 
sheets) are predicted to arise in compact polymers due 
Simply to Steric restrictions, This appears to account for why 
there is So much internal organization in globular proteins.” 

0415 Second, as discussed throughout the previous sec 
tions, one can infer and exploit empirical relationships 
between local and global configurations. Local Stretches of 
Sequence, or Selected non-local pairs of residues, can be 
found to occur, with Some high probability, in particular 
global configurations. Heuristic rules, in whatever form, can 
be used to avoid large parts of conformation Space. The 
inference of particular models of cooperativity in folding is 
a special case: knowledge of “rules' Such as 
p(contact(ii) contact(i+1,i-1))>p(contact(i)) can help sig 
nificantly. 

0416) For example, FIG. 16 illustrates steps in tertiary 
structure prediction. The methods described throughout this 
application can be applied as part of a larger tertiary Struc 
ture prediction System, wherein the principles described 
above are employed in the block related to the analysis of 
aligned Sequence families The System predicts the Structure 
of a protein. 
0417 Discovery of Evolutionarily-Conserved Structural 
Constraints 

0418. Three questions are addressed in this section: 

0419 1. What kinds of evolutionarily conserved 
multi-residue Structural or functional constraints 
might one expect to find by detecting correlations 
between columns in a multiple Sequence alignment? 

0420 2. Have correlation-detection efforts in fact 
found important Structural or functional constraints? 
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0421 3. How much information do such discoveries 
provide towards predicting or determining a mol 
ecule's native tertiary Structure? 

0422) What Do We Expect to Observe? 
0423) A protein family is the set of amino acid sequences 
that are believed to share a common global tertiary Structure. 
The theory and observation of protein folding and evolution 
Supports the general idea of evolution and conservation 
within a protein family: 

0424 Functional constraints are conserved in Sur 
face residues; 

0425 Structural constraints are conserved in core 
residues; 

0426 Mutational drift dominates in loop residues; 

0427 Functional constraints often involve other mol 
ecules-Such as other proteins, nucleic acids, lipids, metals, 
0 or other Small molecules 
0428 The kind of structural constraints expected to be 
conserved throughout evolution of a protein family are 
mainly those involving a few key residues that Stabilize a 
confirmation. Where electroStatic interactions are deemed 
important, one might expect to find a conservation of net 
charge across two or more Sequence positions. When one of 
two electrostatically interacting residues carries a positive 
charge, its "partner residue (presumably close in 3D struc 
ture even if distant in sequence) should be negatively 
charged, and Vice versa. The Situation is similar for packing 
constraints. One might reasonably expect Sections of the 
protein core Volume to vary only slightly across the many 
different proteins in the Same Structural family, while non 
core regions might display large Volume variability. Thus 
one might expect to find pairs or Small k-tuples of residues 
that display mutually compensatory mutations with respect 
to Side-chain Volume-when a "Large” mutates to a 
“Small', another “Small” must mutate into a “Large”, to put 
it simplistically. 

0429 What Has been Observed? 
0430 Neher et al. (How frequent are correlated changes 
in families of protein sequences PNAS, 91.98-102, 1994) 
attempted to quantify the frequency of compensatory 
changes within a Single protein family by using physico 
chemical property indices for amino acids and then estimat 
ing PearSonian correlations between columns in an align 
ment. They attempted to get around the Small-dataset 
problem with a bootstrap-inspired resampling Scheme based 
on the examination of pairs of Sequences from the family. 
Their study of the myoglobin family of protein Sequences 
found the degree of compensatory mutation to be low for the 
property of Side-chain Volume but high for electrical 
charge-close to the correlation level expected for perfect 
conversation of local charge. The authorS Speculate that 
because their column-pair analyses focused only on contact 
neighbour pairs of residues, they were able to detect a very 
locally-acting constraint like charge conservation but not a 
more distributed constraint like conservation of Volume. (In 
other words, a single positively-charged residue must be in 
contact with its Single negatively-charged Structural partner, 
whereas a set of compatible-volume partners may comprise 
more than two residues and need not all be in contact). 
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Others have also found Some evidence of coordinated muta 
tion in the evolution of protein Structural families. 
0431 While most studies, to date, of compensatory muta 
tion focus on highly-conserved “core'-type regions of pro 
tein structures, Korber et al. (Covariation of mutations in the 
V3 loop of HIV-1: An information-theoretic analysis. Proc. 
Nat. Acad. Sci, 90, 1993) analyzed the highly-variable V3 
loop of the HIV-1 envelope protein. The researchers per 
formed robust bootstrapped estimates of the pairwise mutual 
information for all column-pairs from a set of 31 columns, 
representing V3 residues. They found a set of about seven 
pais that showed considerable and Statistically-significant 
mutual information, and their analysis of the particular 
attributes (amino acids) Suggested a particular pattern of 
highly likely compensatory mutations. Although the authors 
did not argue or provide evidence for any particular prop 
erties or relationships being conserved, Subsequent muta 
tional analysis experiments in the laboratory indicated func 
tional linkage between Some of the pairs of Sites with high 
mutual information. Because the V3 region is known to be 
both functionally and immunologically important, the inven 
tor of the instant application Suggested that Such analyses 
might be important in the search for HIV/AIDS vaccine 
design. 

0432) What Kind of Method is Needed? 
0433 Clearly, several well-studied and effective method 
ologies exist for the comprehensive modelling of protein 
Sequence families. In each case, the mathematical machinery 
is in place to handle and detect very local and low-order 
Statistical Structure in the data. In each case, the difficulties 
with computational complexity and Statistical estimation 
arise in the attempt to account comprehensively for all 
possible non-local and higher-order interactions between 
residues, i.e., columns in the aligned Sequence data. 
0434 Easier progress in modelling can be made if one is 
to use HMMs or density networks in conjunction with a fast, 
heuristic preprocessor that focuses explicitly on the detec 
tion of plausible non-local interactions while Sacrificing a 
degree of precision in modelling these interactions. Such a 
procedure is provided by the principles described herein. 

0435) a) HIV PROTEINSEQUENCE ANALYSIS 
0436 Tests on an HIV Protein Database 

0437. The Los Alamos HIV database contains, among 
other things, the amino acid Sequences for the V3 loop 
region of the HIV envelope proteins. This region is known 
to have functional and immunological Significance, and the 
discovery of Sets of Sites linked by evolutionary covariation 
might have important implications for understanding and 
preventing HIV infection and replication 
0438 An earlier and smaller version of the same database 
was used by LOS Alamos Scientists in their analysis of 
pairwise mutual information between residues (columns) 
0439 Experiments were performed on an HIV dataset 
with the coincidence detection procedure, over a set of 
different values for r and T. Tables of results are shown and 
discussed below. 

0440 Results of Experiments on HIV Protein Database 
0441 The aforementioned version of the HIV-V3 dataset 
was edited in order to focus on the thirty-three residues 
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considered most conserved and most structurally and func 
tionally important by the Los Alamos researchers. The 
dataset therefore consisted of M=657 rows (sequences) of 
N=33 columns (residues) For the coincidence detection 
procedure, these 33 columns are transformed into NA=N. 
A=33.21=693 attributes. As with the artificial datasets, a set 
of experiments with different values of T and r were per 
formed. Coincidence detection runs were done with T=10, 
000 and r=5, 6, 7, 10 respectively, and with T=100,000 and 
r=7, and finally with T=750,000 and r=7. The results are 
shown in tables C.1 through C.9 below. 

TABLE C.1 

The most likely correlated attributes, as estimated by the 
coincidence detection procedure, for the HIV dataset. 
These results were produced with parameter settings 

T = 10,000 and r = 5. 
HIV Dataset. 

T = 10,000, r = 5. 

Rank CSET Observed Expected Prob. 

1 QITD24 1012 632.553864 O.316056 
2 R17|T21 901 610.770465 OSO9734 
3 R12|Q17 570 348.60583.3 O.675621 
4 L13|W19Q24 195 5.535741 O.7SO381 
5 N4K9A21 226 74.167398 O831582 
6 V11|R12T18 159 20.764346 O.858239 
7 R12T18 454 318.517747 O863.429 
8 L13K31 419 3OO.333903 O893461 

0442 

TABLE C2 

The most likely correlated attributes, as estimated by the 
coincidence detection procedure, for the HIV dataset. 
These results were produced with parameter settings 

T = 10,000 and r = 6 
HIV Dataset. 

T = 10 OOO r = 6 -- - 4 

Rank CSET Observed Expected Prob. 

1 O17D24 1177 385.853329 O.O3O891 
2 R17T21 957 368.736702 O.146238 
3 H12A18 1047 577.583832 O.294OOO 
4 SOD24 859 424.457490 O.35O274 
5 R12O17 656 224.743830 0.355855 
6 R12T18 628 283.191527 0.516585 
7 R17E24 563 234.477161 O.5.49033 
8 H12R17 760 434.27458O 0.554644 
9 A18T21 560 315.973734 O.71833O 
10 I11|R17 861 627.O14684 0.737741 
11 L13|W19Q24 230 5.3652O2 O.755,529 
12 A21D24 619 405.487239 0.776262 
13 N4K9A21 237 25.1768O1 0.779367 
14 V11|R12T18 22O 15.841474 O.793296 
15 L13K31 462 267.211446 O.809942 
16 GOH12 324 57.554658 O.857348 
17 M13W15 245 84.760597 0.867059 
18 O17K31 384 231749746 O.8791.69 
19 H12|R17|A18 147 8.219536 O898526 
20 N4|K9IH33 309 70.353419 O.8987.11 
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TABLE C.6-continued 

The first twenty-five of the fifty most likely correlated attributes, 
as estimated by the coincidence detection procedure, 
for the HIV dataset. These results were produced with 

parameter settings T = 750,000 and r = 7 
Note the appearance, at this degree of sampling, of 

several statistically significant higher-order features with k 2 3. 
HIV Dataset. 

T = 750,000, r = 7. 

Rank CSET Observed Expected Prob. 

17 R17|Q31 45065 26805.242087 OOOOOOO 
18 R17|T21 703O1 16232.354.294 OOOOOOO 
19 S10|D24 57772 17415.113746 OOOOOOO 
20 V11|R12 395.46 18975.1263O8 OOOOOOO 
21 V11|R12T18 17628 881.251263 OOOOOOO 
22 K31 Y33 36346 208O3.63488O O.OOOOO2 
23 N4A21 45441 3O227.409858 OOOOOO3 
24 Q17K31 2SO33 10875.74O384 OOOOO18 
25 G10H12 2O779 7151.794.446 OOOOO41 

0447) 

TABLE C.7 

Continuation of the fifty most likely correlated attributes, 
as estimated by the coincidence detection procedure, 
for the HIV dataset: csets ranked 26 through 50 These 

results were produced with parameter settings 
T = 750,000 and r = 7. Note the appearance, 

at this degree of sampling, of several statistically 
significant higher-order features with k 2 3. 

HIV Dataset. 

--SS H 

Observed 

40098 
291.21 
2.9621 
22.348 
5175 
O919 

1233 
21868 
44400 
6593 
6.738 
O844 

Expected 

27695.03862O 
16875.538795 
18109.021417 
10939.327.036 
4159.316971 

1.718549 

623.181959 
11328.342993 
34516.144368 
6991.723718 
7234.038664 
1492.835945 
4587.312260 

24568.179150 
14893.617567 
7516.155896 
493.681367 

4250.9006OO 
O.O93O39 

240364918 
7329.962.834 

16324.923094 
10374.788061 
8921.243955 
138.9971.53 

Prob. 

O.OOO231 
O.OOO286 
O.OOO737 
O.OOO839 
O.OO1355 
O.OO1524 

O.OO2.185 
O.OO2369 
O.OO4910 
O.OO6625 
O.OO7331 
O.OO8575 
O.OO9408 
O.O10326 
O.O26158 
O.O.31231 
O.O36905 
O.OSO618 
O.O52O29 

O.058992 
O.O68429 
O.O72825 
O.O742O3 
O.O92437 
O.108.375 
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0448 

TABLE C8 

The top thirty-five pairwise inter-column 
mutual information values for the HIV-V3 
dataset, as estimated by Our methodology 

as described in the main text. 

Rank Pair i,j MI (c. c.) Std. Error 

1. 218 O340449 0.037792 
2 49 O.337943 O.O38916.2 
3 92 O319481 O.O3S3829 
4 2324 O.3152O2 O.O.337213 
5 224 O.314393 O.O33O382 
6 924 O.313992 O.O34.4732 
7 924 O.305609 O.O335857 
8 124 O.297498 O.O.3586.45 
9 2426 O.29OO44 O.O384839 
1O 91 O.289911 O.O344244 
11 923 O.285O19 O.O34.3224 
12 42 O.284936 O.O332236 
13 821 O.2781.51 O.O404634 
14 41 0.277189 O.O3S3993 
15 221 0.273137 O.O33385 
16 424 O.262226 O.O36189 
17 2124 O.260366 O.0338395 
18 123 O.260337 O.O3233O2 
19 119 O.249877 O.O32O634 
2O O24 O.248938 O.O325318 
21 923 O.2421.85 O.O323O1 
22 526 O.239395 O.O386.373 
23 9||19 O.2383.18 O.O331283 
24 423 O.23359 O.O3O2795 
25 24.25 O.222109 O.O358744 
26 626 O.22O371 O.O397722 
27 426 O.220213 O.O333324 
28 624 O.218815 O.O335123 
29 912 O.214844 O.O28O984 
3O 524 O.213921 O.O3O1834 
31 O12 O.2133 O.O3O6496 
32 918 O.21078 O.O31734 
33 121 O.21O155 O.O3O8121 
34 112 O.209421 O.O294.066 
35 4|19 O.20911 O.O290533 

0449) 

TABLE C.9 

The top seven pairwise inter-column mutual 
information values for the HIV-V3 

dataset, as estimated by the Los Alamos group. 

Rank Pair i,j 

1. 23|24 
2 1224 
3 1218 
4 1223 
5 1924 
6 1024 
7 1012 

0450 Tables C.1 through C.4 illustrate the most signifi 
cant cSets (again measured by our procedures estimation of 
P(Observed/Independence) for the Observed number of 
coincidences for each detected coincidence of attributes AS 
one might expect, a clean Separation between "probably 
correlated” and “probably uncorrelated” does not manifest 
itself at this comparatively low degree of Sampling for this 
real-world dataset. Results for r=7 and r=IO indicate more 
Significant discovered cSets than those for r=5 and r =6. At 



US 2003/0074142 A1 

these former, higher r values, one sees the emergence of a 
few csets with “Prob’ values less than 0.1: (QGD17, DQ24), 
(N(a4, KG9), (HG)12, AG8), (Q(a)31, H(a23) and (SG)10, 
FG.19). All of these cSets appear among the most significant 
cSets report in the more intensive sampling runs (with 
T=100,000 and T=750,000), with the notable exception of 
(SO)10, FGD19). This latter cset is discovered at this low 
degree of Sampling only in the r=10 run, and does not appear 
in the more intensive sampling runs shown, both of which 
used r=7. 

0451 Table C.5 displays the results for T=100,000 and 
r=7, and here it is clear that Some Separation of Signal from 
noise is taking place amongst the Set of HOFS, with Seven 
teen pairwise and three 3-ary correlations appearing within 
our Probs 0.1 significance level. 
0452. At T=750,000, we have more statistically signifi 
cant detection of almost fifty 2-ary, 3-ary and up through 
6-ary attribute correlations, as shown in Tables C.6 and C.7. 
0453. In order to get a better sense of the possible 
meanings of these results, let uS consider these inter-attribute 
correlations along with Some inter-column correlations in 
the form of pairwise mutual information estimates per 
formed in our own analysis and also by the LOS Alamos 
group Table C.8 displays the highest estimated mutual 
information values amongst all N-N=528 pairs of columns 
from our 33-column dataset. The estimates were obtained 
using a Bootstrap-like procedure in which 1000 Sample data 
Subsets of m=300 out of M=657 were drawn and run though 
the Standard mutual information calculation Reported in the 
table are therefore the mean values over the resampling and 
the associated Standard error values There is significant 
interSection between the Set of column-pairs indicated by the 
top values in Tables C.6 and C.7 and those indicated by the 
top mutual information values in Table C.8. The correspon 
dence between the two rankings is not perfect, for a few 
reasons (besides noise and Simple sampling error). First and 
foremost, while the "Suspiciousness” of a Single joint 
attribute combination certainly contributes to the mutual 
information within the corresponding Set of columns the 
behaviour of the other Symbols appearing within the col 
umns obviously also can have great effect. Second, we note 
again the observed Sensitivity coincidence detection results 
to the choice of r. 

0454 Table C.9 lists the highest statistically significant 
mutual information values as estimated by the Los Alamos 
group. We note the overlap between their list and ours, but 
we emphasize again that group's use of an earlier, Smaller, 
and perhaps otherwise different database to which we did not 
have access. 

0455 Application of the coincidence detection method of 
the invention to biological data such as these aligned HIV 
Sequences thus leads to identification of covarying structural 
elements that were previously unrecognized. The Statisti 
cally significant coincidence of particular Structural ele 
ments, Such as amino acid residues, likely indicates a 
biological role for a motif comprising the covarying ele 
ments, as Structure and function are tightly linked in bio 
chemical Systems. One Such example from the above appli 
cation of the invention is the Statistically significant 
coincidence of residues A18, Q31 and H33 in the V3 loop of 
HIV envelope protein. These residues are expected to con 
tribute to a structural motif of the V3 loop that plays a 
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biological role in the HIV life cycle. Such new information 
about A18/Q31/H33, which prior to the invention have 
never before been grouped together for a particular biologi 
cal role, may be exploited in various ways, as follows 
0456. A peptide or peptidomimetic mimicking the afore 
mentioned structural motif of the V3 loop (or another protein 
motif identified by the coincidence detection method) is 
provided by the invention. For the chosen example, the 
peptide or peptidomimetic would include Spatial coordinates 
of amino acid residues A18/Q31/H33, though every atom of 
these amino acids would not necessarily be required Rather, 
the peptide or peptidomimetic would have Such spatial 
coordinates of A18/Q31/H33, as well as topological and 
electroStatic attributes, that would make it useful for a 
biological function, Such as, for example competing with the 
actual V3 loop of HIV for binding to another biological 
molecule, where such binding of V3 would employ the 
Structural motif that is mimicked by the peptide or peptido 
mimetic 

0457 Alternatively, a peptide or peptidomimetic which is 
designed based on covarying k-tuples discovered by the 
coincidence detection method could be used as an antigen 
That is, the biological function which the molecule mimics 
is eliciting an immune response in an animal. Similarly, 
vaccines embodying the covarying k-tuples described herein 
are also encompassed by the invention. 
04.58 Morgan and co-workers (Morgan et al. 1989. In 
Annual Reports in Medicinal Chemistry. Ed.: Vinick, F. J. 
Academic Press, San Diego, Calif., pp. 243-252.) define 
peptide mimetics as "structures which Serve as appropriate 
Substitutes for peptides in interactions with receptors and 
enzymes. The mimetic must possess not only affinity but 
also efficacy and Substrate function.” For purposes of this 
disclosure, the terms "peptide mimetic' and "peptidomi 
metic' are used interchangeably according to the above 
excerpted definition. That is, a peptidomimetic exhibits 
function(s) of a particular peptide, without restriction of 
Structure. Peptidomimetics of the invention, e.g., analogues 
of the structural motif of the V3 loop posited above, may 
include amino acid residues or other chemical moieties 
which provide the desired functional characteristics. 
0459. The invention further provides a ligand that inter 
acts with a protein having a structural motif identified using 
the coincidence detection method of the invention, as well as 
a pharmaceutical composition including the ligand and a 
pharmaceutically acceptable carrier or exicipient therefor. 
The ligand would include chemical moieties of suitable 
identity and Spatially located relative to each other So that 
the moieties interact with corresponding residues or portions 
of the motif By interacting with the motif, the ligand could 
interfere with function of that region of the protein including 
the motif 

0460 Thus, the invention provides a pharmaceutical 
composition for interacting with an envelope protein of 
human immunodeficiency virus (IV), including a ligand 
having a functional group that interacts with the Structural 
motif of the V3 loop which has spatial coordinates of 
residues A18/Q31/M33, and a pharmaceutically acceptable 
carrier or exicipient therefor. The ligand may have more than 
one functional group that interacts with the motif, Such as, 
for example, a first functional group capable of binding to 
and being present in an effective position in the ligand-to 
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bind to residue 18, a Second functional group capable of 
binding to and being present in an effective position in the 
ligand to bind to residue 31, and a third functional group 
capable of binding to and being present in an effective 
position in Said ligand to bind to residue 33. 

0461 The invention further provides a method of design 
ing a ligand to interact with a structural motif of an protein, 
Such as, for example, envelope protein of human immuno 
deficiency virus (HIV). For example, in the case where the 
motif is the potentially interesting A18/Q31/E33 motif iden 
tified by the coincidence detection method discussed above, 
the method of designing includes the Steps of providing a 
template having Spatial coordinates of residues A18, Q31 
and H33 in the V3 loop of HIV envelope protein, and 
computationally evolving a chemical ligand using an effec 
tive algorithm with Spatial constraints, So that the evolved 
ligand includes at least one effective functional group that 
binds to the motif. The template provided may further 
include topological and/or electrostatic attributes, and the 
effective algorithm include topological and/or electroStatic 
constraints. Similar method steps would be employed for 
other proteins comprising a motif identified by the coinci 
dence detection method. 

0462. The invention further provides a method of iden 
tifying a ligand to bind with a structural motif of a protein. 
The structural motif is preferably identified by the coinci 
dence detection method. For example, in the case where the 
motif is that identified by the coincidence detection method 
comprising residues Al 8, Q31 and H33 of HIV envelope 
protein discussed above, the method includes the Steps of: 
providing a template having Spatial coordinates of A18, Q31 
and H33 in the V3 loop of HIV envelope protein, providing 
a data base containing Structure and orientation of mol 
ecules, and Screening the molecules in the data base to 
determine if they contain effective moieties Spaced relative 
to each other so that the moieties interact with the motif The 
data base may further contain topological and/or electro 
Static attributes of the molecules, and the Screening Step 
further include determining if the moieties are effective in 
Such regard for interacting with the motif For example, a 
molecule described in the database may have Such physical/ 
chemical attributes that it includes a first moiety that inter 
acts with residue 18, a Second moiety that interacts with 
residue 31 and a third moiety that interacts with residue 33. 
Similar method steps would be employed for other proteins 
comprising a Structural motif of interest. 
0463 Where a ligand provided by the invention is 
included in a pharmaceutical composition, the pharmaceu 
tical composition further includes a pharmaceutically 
acceptable carrier as is known to perSons skilled in the art 
relating to pharmaceutical compositions. 

0464) The term “pharmaceutically acceptable carrier” as 
used herein include diluents Such as Saline and aqueous 
buffer Solutions and vehicles of Solid, liquid or gas phase, as 
well as carrierS Such as liposomes (Strejan et al. 1984. J. 
Neuroimmunol 7:27), and dispersing agents such as glyc 
erol, liquid polyethylene glycols, and the like. The pharma 
ceutical composition may include any of the Solvents, dis 
persion media, coatings, Stability enhancers, antibacterial 
and antifungal agents (for example, parabens, chlorobutanol, 
phenol, ascorbic acid, thimerosal), isotonic agents (for 
example, Sodium chloride, Sugars, polyalcohols Such as 
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mannitol) and absorption delaying agents (for example, 
aluminum monostearate and gelatin) which are known in the 
art. 

0465. Alternatively, a ligand provided by the invention, 
Such as a ligand which binds to a biological target, may be 
employed for diagnostic purposes. A diagnostic agent 
according to the invention may include a ligand that inter 
acts with a protein having a structural motif identified using 
the coincidence detection method, and a detectable label 
linked to the ligand. The detectable label may be any 
detectable Substance known in the art, Such as, for example, 
a fluorescent Substance or a radioactive Substance. Alterna 
tively, the label may be an enzyme (Such as, for example, 
horseradish peroxidase or alkaline phosphatase) which cata 
lyzes a reaction having a detectable (e.g., colored) product, 
or the label may be the Substrate for Such an enzyme. 
0466 Application of the Principles Described to Drug 
Discovery Background: 
0467. The multi-billion dollar pharmaceutical industry is 
based in large part on the design or discovery and refinement 
of Small molecules ("ligands') that interact with larger 
molecules (“targets’) and in Some way repress, enhance, 
block, accelerate or otherwise modify the Structure, function 
or activity of the target. It is the Structure, function or activity 
of the target that is in Some way implicated in Some 
mechanism of disease. The target molecule is often an 
enzyme or protein receptor or nucleic acid or Some combi 
nation thereof There are a great number of possible ligands 
and only some relatively very few of them are developed and 
marketed as therapeutic compounds that work with or 
against Some one or more targets and thus are effective 
against disease. 
0468. It is therefore of great interest to biotechnology and 
pharmaceutical researchers to be able to consider a huge 
number of potentially useful compounds, but to avoid 
spending too many resources developing therapies based on 
compounds that may turn out not to be useful, Safe, effective, 
and economically viable. The methods described herein can 
be used to enhance and accelerate the process of discovering 
good, effective compounds and of distinguishing the prom 
ising compounds from the unpromising or less promising 
compounds in a public or private collection of molecules or 
their computer database representations. 
0469 They can be used effectively and contribute value 
in this application in many ways, by helping to understand 
and infer target Structures and by finding ligands whose 
geometric, topological, electroStatic or other features make 
them likely candidates for effective interaction with the 
targets. 

0470 Application of the Principles Described Herein to 
Databases of Molecules and their Features 

0471) One way to represent a large number of molecular 
Structures within a computer database (whether stored in 
main memory, on magnetic disk, tape, or other electronic or 
optical media) is in terms of “screens”. Persons skilled in the 
art will recognize Screens as binary attributes wherein a 
given Screen, or attribute, represents the presence or absence 
of a particular Substructure pattern, for example, a Sulfate 
group If a Set of compounds is represented with Screens, then 
a particular compound, which we will denote by C, can be 
represented by a string of 1s and 0s wherein the 1s stand for 
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those pre-defined Substructure patterns that C contains and 
the 0s stand for those of the pre-defined substructure patterns 
is that C does not contain. 

0472. This scheme can be extended to the representation 
of the primary Structure of a nucleic acid or protein in terms 
of attributes, as discussed elsewhere herein The primary 
Structure is also known as the “sequence', that is, a Sequence 
of bases, or nucleotides, in DNA or RNA, and a sequence of 
amino acids, also called amino acid residues, in a protein. It 
is simple to represent a protein Sequence, for example, as a 
Sequence of Symbols, each Symbol being a letter of the 
alphabet corresponding to one of the twenty Standard natu 
rally-occurring amino acids. It is also simple to transform 
this representation by representing each residue, or position, 
in the Sequence by a set of twenty binary attributes, if Such 
a representation is desired. The attributes act like the Screens 
described above. For example, if the first amino acid in 
protein P is an alanine, represented by A, it can also be 
represented by a value of “1” in the attribute that stands for 
the question, "Is the amino acid in position 1 an alanine?”, 
and by values of "0" for the attributes representing “Is the 
amino acid in position 1 a cysteine?”, “Is it a phenylala 
nine?”, and so on. FIG. 15 provides an illustration of amino 
acid and residues positions. 
0473. It is also easy and sensible to represent other 
aspects or features of the compounds in terms of attributes. 
For example, a given compound C may be known to be 
active against a particular target T, in which case an attribute 
corresponding to the question “Active against T2 would 
have the value 1 for the object corresponding to compound 
C. For another example, a pharmaceutical company may 
have run a number of compounds through a Set of “assays, 
or tests of biological or chemical activity. An assay might 
test for Some aspect of effectiveness against a target, or for 
ability to cross the blood-brain barrier, or for toxicity, for 
example. ASSay results can be represented in terms of 
discrete-valued, and even binary attributes as well, via 
preprocessing routines known to perSons in the art. Other 
features of to particular compounds can include literature 
citations (that is, references to papers or Studies in which the 
compound was described, designed, discovered or ana 
lyzed), and ownership or patent status of the compound. 
0474. Not only can small therapeutic compounds be 
represented in terms of Screens and other attributes, but So 
can larger potentially therapeutic molecules Such as DNA, 
RNA, peptides, proteins, carbohydrates and lipids. Target 
molecules can also be represented in this way. All that is 
required is a predefined (though possibly updated, changing, 
Shrinking or growing) list of Substructural patterns or other 
features deemed important by the researchers or users. For 
target Structures, one might want to represent Substructural 
patterns as well as their 1-dimensional linear Structures 
("sequence”), genetic linkage information, interactions with 
other proteins in disease pathways, literature citations, and 
So on. Sometimes a particular molecule might be listed as 
more than one object in a database, the different objects 
representing different conformations that the molecule can 
take. 

0475 Clearly, this use of screens and other attributes in 
representing compound databases can also be represented in 
terms of the M by N data matrix we have used to describe 
the working of the invention. The M by N data matrix is 
illustrated below in Table 1, 
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0476. The rows in Table 1 correspond to a set of mol 
ecules, compounds, molecular structures or Sequences, 
while the columns correspond to features that may include 
Substructural patterns, assay results or other aspects of the 
molecules. The value in table celli,j) is one (1) if molecule 
i has feature j and is Zero (0) otherwise. 

TABLE 1. 

Feature 1 Feature 2 Feature N 

Molecule 1 1 O 1. 
Molecule 2 O 1. O 

Molecule M O O 1. 

0477 Steps involved in applying the methods described 
herein to the analysis of a molecular database include. 

0478 1. Obtain molecular database that supports 
discrete attribute representation for the 1D, 2D and/ 
or 3D molecular structures of interest (or, obtain 
molecular database and use lit) Standard methods to 
produce Such a representation); also use Standard 
methods to transform Sequence and other informa 
tion about molecules of interest into attribute repre 
Sentations 

0479 2. Present this database, in whole or part, to an 
embodiment of the current invention Such that each 
compound in the database corresponds to one or 
more of the M objects (rows) in the embodiment's 
data matrix and So that each Screen-represented 
Substructure pattern corresponds to an attribute (col 
umn) of the data matrix The additional attributes 
representing activity, assay results, known targets 
against which the compound has been used, Source 
or means of production or Storage of the compound, 
ownership or patent Status of the compound, and So 
on, plus the Substructure pattern attributes together 
comprise the N attributes (columns) in the data 
matrix 

0480 3. Employ the base method above or one of 
the other embodiments described herein on the data 
matrix. 

0481. 4. Direct the discovered correlated k-tuples of 
attributes to: 

0482. A graphical viewer, or 
0483. A rule-generator preprocessor for rule-based 
System, or 

0484. A report for users, researchers or managers, or 
a report-generation System, or 

0485 Another computer program that performs 
Some kind of further analysis of the compounds, 
Sequences, or Structures represented in the database, 
O 

0486. Another computer program that performs 
Some transformation or optimization on the database, 
O 
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0487. Another computer program that directs 
humans and/or robots in drug Screening experiments 
or in design, refinement or production of therapeutic 
compounds. 

0488 The output of the current invention, in this drug 
discovery application, can be useful in many possible ways. 
0489 First, it can be used in setting up or optimizing a 
Screen-based representation of molecules. For example, it is 
known in the art that a good Screen-based representation 
should use a set of Screens (attributes) that are mutually 
uncorrelated and roughly equiprobable. The method of the 
current invention would produce, when used as described 
above, Sets of correlated Screens; this information can be 
used to add, remove, or combine the features that the Screens 
represent, in order to make the modified Set of Screens closer 
to the ideal of uncorrelated and equiprobable 
0490. Other useful and valuable aspects of the informa 
tion produced by the method include the following. 
0491 For example, it is not uncommon for a pharmaceu 
tical company to have good “lead compounds” that work in 
in Vivo or in vitro experiments even when the researchers do 
not know the target Structure, the active site on the target 
Structure, or even which of Several proteins in the biological 
System is the target. If the methods described herein are used 
to discover correlations among Substructural patterns and 
assay results, this information can aid in inferring a target 
Structure and designing even more effective lead com 
pounds, because it allows researchers to associate Structure 
with desired activity. 
0492 Another example is that of finding correlated 
amino acid residues in that part of a drug discovery database 
corresponding to an aligned set of DNA, RNA or protein 
Sequences, as discussed later herein. In this case, Some of the 
correlated k-tuples of residues (positions) may correspond to 
evolutionarily conserved Structural and functional relation 
ships. Therefore the principles described herein can in this 
way be used to help predict or Solve the Structure and 
function of important biological macromolecules, including 
pharmaceutical targets Such as receptors and enzymes. 
0493 Another example is to find correlations between 
Structural, functional, disease pathway or other aspects of 
one target molecule, T1, and another target molecule, T2, or 
finding correlations between Structural, functional or other 
aspects of a Set of potential therapeutic compounds aimed at 
T1 and those of a set of potential therapeutic compounds 
aimed at T2. In either case, this correlation information is 
useful because it allows drug designers to apply knowledge, 
compounds and techniques effective against T1 to the effort 
against T2. 
0494. Another rather different application of the prin 
ciples described herein to drug discovery and medical Sci 
ence is obtained by considering the transpose of data matrix 
described above. Instead of compounds as objects (rows) 
and features of the compounds as attributes (columns), 
consider what is possible when the compounds correspond 
to columns and their features correspond to rows. See Table 
2 below. Use of the current invention in this scenario 
produces correlated k-tuples of compounds in feature-Space 
These produced k-tuples can embody Several kinds of valu 
able information For example, if the features in the rows 
represent mostly Substructural patterns (Screens), then the 
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produced k-tuples correspond to clusters of compounds. 
Such clustering of compound databases is very useful in 
high-throughput screening (HTS), with both biological/ 
chemical assays (in vitro or in vitro) and computational 
assays. In HTS, it is useful and economical to assay only one 
or a few members of each cluster of compounds initially; 
then, only in the cases where a “hit’ occurs (that is, a 
compound “passes” the “test” in the assay of biological or 
chemical activity) do other members of the corresponding 
cluster get Sent through the assay. 

0495. Use of the method on the “transpose” of the 
molecular database shown earlier, in order to cluster the 
compounds in feature-Space is shown in Table 2. It is now 
the columns that correspond to a Set of molecules, com 
pounds, molecular structures or Sequences, while the rows 
correspond to features that may include Substructural pat 
terns, assay results or other aspects of the molecules. There 
are M' rows and N' columns, where perhaps M'=N and 
N'=M, for the original M and N described above. The value 
in table celli, i is one (1) if molecule i has feature j and is 
Zero (0) otherwise 

TABLE 2 

Molecule 1 Molecule 2 Molecule N' 

Feature 1 1. O 1. 
Feature 2 O 1. O 

Feature M O O 1. 

0496 Application of the Principles Described Herein to 
Discover and Analyze Genetic Networks 

0497 Advanced molecular biological and computational 
techniques applied in large-scale genome mapping and 
Sequencing efforts are beginning to give us access to the 
Sequences of complete genomes, the complete expression 
patterns of genes, and the ability to Store and manipulate this 
information. Such information can be used to accelerate the 
discovery of new disease targets and Successful therapeutic 
compounds. It is known that the genes that form the “blue 
print” for particular physical traits and Systems within an 
organism often act together in complex ways. Genes interact 
in mutually regulatory ways, promoting, repressing and 
otherwise modulating their own and each others’ activation 
and expression. 

0498 Traditionally, molecular biology has focused on the 
Study of individual genes in isolation. However, to under 
Stand complex biological phenomena like neural develop 
ment or oncogenesis, for example, it is necessary to Study 
the expression patterns of tens or hundreds of genes in 
parallel taking into account temporal patterns as well as 
anatomical patterns. Such analysis requires novel computa 
tional and Statistical capabilities, Such as those provided by 
the principles described herein. 

0499 While many variations are possible and can be 
envisioned by those in the art, a basic Scheme for employing 
the methods described herein in the analysis of genetic 
networks might include the following Steps: 
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0500 Step 1. Select the genes of interest. 
0501 Step 2: Select the biological parameters by 
which to represent the Status of a gene at a particular 
time. Biological parameters can include: expression of 
a gene (concentration levels of the associated mRNA or 
protein product, a particular status of a protein Such as 
a biologically relevant phosphorylation or any other 
post-translational modification, the location of a given 
protein, or the presence or absence of a cofactor. For 
example, one can use polymerase chain reaction (PCR) 
techniques to amplify, then use known methods to 
detect mRNA levels for each gene, then normalize 
these by dividing by maximum expression levels for 
each gene, and then quantize these continuously vary 
ing levels into a set of Z discrete levels that can be 
represented in the data matrix format described 
throughout this document. It is also possible to use 
concentration levels of protein products as indicators of 
gene activity and interactivity. The change, over timed 
observations, of concentrations of proteins is governed 
mainly by three processes. direct regulation of protein 
Synthesis from a given gene by the protein products of 
other genes (including auto-regulation as a special 
case); transport of molecules between cell nuclei; and 
decay of protein concentrations. 

0502 Step 3. Select a scheme for time-sampling the 
biological parameters of the genes in the genetic System 
under analysis. At each appropriate time, use methods 
known in the art to measure the Selected biological 
parameters for the Selected genes. 

0503 Step 4: Represent the selected genes in terms of 
the Selected biological parameters, and represent the 
measured values of the biological parameters as 
attributes in the data matrix. Represent the time 
Samples (the instances of measurement of the biologi 
cal parameters) as rows in the data matrix. That is, for 
a cell in the data matrix, in the ith row and jth column, 
enter the quantity or feature measured in the ith time 
Sample for the jth biological paramter (which may 
correspond to the jth gene, or it may not, depending 
upon whether one or more parameters are measured for 
each gene). The recorded quantity, level or feature may 
be binary (e.g., the gene is “on” or “off”), or may be one 
of Z discrete values. As described elsewhere in this 
document, any discrete-valued attribute can be repre 
Sented by a binary encoding of whether that value is 
absent or present in a given object, So that any of the 
preferred embodiments of the current invention can be 
applied to data of this type. 

0504 Step 5: Employ the base method described above 
or one of the other embodiments described herein on 
the data matrix. 

0505) The output of the above steps, that is, a set of 
k-tuples of correlated attributes, can be interpreted as a Set 
of cliqueS of correlated genes. For example, one might 
discover that one gene is “on” whenever another gene is 
“on”. Or one might discover that when one gene G1 is in 
“low expression', another gene G2 is “off”; when G1 is in 
“medium expression”, G2 is in “low expression', and when 
G1 is in “high expression', then G2 is in “medium expres 
Sion'. Such a result might lend Support to the hypothesis that 
G1 promotes the expression of G2, or that “G1 turns G2 on”. 
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Similarly, correlated k-tuples of genes or biological param 
eters might provide evidence that one gene represses, or 
“turns off another gene or Set of genes, and So on. All Such 
information can be useful in building a model, for example 
a “boolean network', of a set of interacting genes. Such 
models are known to those in the art as providing valuable 
assistance in diagnosing, preventing and curing disease and 
in designing effective and economically valuable therapeu 
tics. 

0506 The rows in Table 3 correspond to a set of time 
Samples (a.k.a., time points,-time-slices), that is, times or 
periods of observance of the activity of a particular gene or 
gene product. The columns correspond to particular genes or 
gene products. The value in table celli, j) is one (1) if gene 
i is considered “on”, that is, e.g., “active' or “expressed”, 
during time j and is Zero (0) otherwise. This representation 
and application is easily extended to Situations in which the 
Simple on/off Status of a gene is replaced by a set of Z distinct 
levels of expression, for example, as measured by observed 
quantities of a gene's main protein product. It is also easily 
extended to Situations in which more than one biological 
parameter is used to represent the Status of a single gene. 

TABLE 3 

Gene 1 Gene 2 Gene N 

Time 1 1. O 1. 
Time 2 O 1. O 

Time M O O 1. 

0507 The methods described herein have been applied to 
a Set of gene expression data for genes involved in the 
development of spinal cord in rats, as described in (G. S. 
Michaels, D. B. Carr, M. Askenazi, S. Furhman, X. Wen, and 
R Somogyi, Pacific Symposium on Biocomputing 3:42-53, 
1988). The dataset is available from those authors and as of 
March, to 1998 is also available over the world-wide web 
(WWW) at http//rsb.info.nih gov/mol-physiol/PNAS/ 
GEMtable.html 

0508 Using a reverse-transcriptase polymerase chain 
reaction (RT-PCR) protocol, the expression of 112 genes 
(mRNA levels, normalized by maximal expression level) 
was assayed over nine developmental time points (E11, E13, 
E15, E18, E21, PO, P7, P14, and P90 or adult, wherein 
E=embryonic, and P=postnatal). Included in the list of genes 
used are genes considered important in CNS (Central Ner 
vous System) development covering nine major gene fami 
lies. 

0509. The dataset mentioned above was easily trans 
formed into a data matrix of objects and attributes, conve 
nient for analysis with the methods described herein, in a 
few steps: 

0510) 1. The real-valued (that is, continuously-valued) 
gene expression levels were transformed into a set of 
discrete values by use of a Bayesian clustering method 
as embodied in the SNOBSoftware, described in (C. S. 
Wallace and D. L. Dowe, “Intrinsic Classification by 
MML-the SNOB program', Proceedings of the Sev 
enth Australian Joint Conference on Artificial Intelli 
gence, pp.37-44, 1994). Bayesian methods of quantiz 
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ing or discretizing real numbers are well known to 
perSons skilled in the art. For convenience of interpret 
ing output, these six discrete numerical values were 
then further transformed into a small set of alphabetic 
symbols, A through F. 

0511) 2. A data matrix was set up such that the columns 
of the matrix correspond to the 112 different genes and 
Such that the rows of the matrix correspond to the nine 
different developmental time points. 

0512. The methods described herein were then run on the 
transformed gene dataset input, Several times, each time 
using a different combination of values for the parameters r 
(sample size) and T (number of Sampling iterations). The 
method can be applied to this dataset by use of a computer 
program very similar to the embodiment described in 
Appendices A and D; however, that particular embodiment 
was tailored for application to the protein Sequence go 
analysis domain, meaning that Some of the parameter values 
were fixed to be appropriate for those particular trials on the 
HIV protein data The program must be modified to allow for 
parameter values appropriate to the input data. 
0513. These runs on the gene expression data were per 
formed on an IBM PC-compatible computer under the 
Windows 95 operating system For each run, a table of 
results was printed out for viewing and analysis. The results 
of one run, for T=100,000 and ris, is attached as Appendix E. 
A researcher may wish to only print out the top 10, or 50, or 
1000 (or any other number) most highly correlated k-tuples 
of genes. In Appendix E, the top are shown. 
0514. In the attached results printout, the following for 
mat convention was used: 

0515 Each group of one or more lines reports one 
correlated k-tuple of genes, that is, one cSet (coincidence set) 
which displayed a low probability of its individual compo 
nent attributes being Statistically independent, as described 
elsewhere in this document. 

0516 Low probability of independence is a form of high 
correlation, as known to perSons skilled in the art and as 
explained earlier in this document. For each k-tuple, the k 
genes are shown, followed by a numerical value for their 
probability of independence. (This number often displays as 
Zero, because the calculated value is So Small, So close to 
Zero, that the decimal expansion is truncated to Zero). Again, 
low probability value means high degree of correlation. For 
each gene, the Symbol in 
0517 A. . . F is shown, representing the quantized level 
of expression, followed by the internal dataSet name for the 
gene, followed by the more Standard accepted name for the 
gene. 

0518. The correlated k-tuples produced can be compared 
to the results reported by the authors in the aforementioned 
Scientific paper. Among the analysis methods employed by 
those authors on this gene expression dataSet was a pairwise 
mutual information analysis. In Such analysis, a particular 
correlation measure, known as mutual information, was 
measured for each pair of the 112 genes, and the results were 
displayed graphically So that groups of genes with mutually 
high mutual information tend to appear close to each other. 
The method described herein is able, as shown by the results 
in Appendix E, to discover not only highly-correlated pairs 
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of genes, but also 3-tuples, 4-tuples, and So on. Examination 
of the results in Appendix E and the results of the authors of 
the previously cited Scientific paper shows that the two 
different methods tend to corroborate each other but that the 
current method goes farther in finding correlations among 
large numbers of attributes. For example, an examination of 
any line of output of our results reveals a Set of correlated 
genes Such that the different pairs of genes in that Set are 
usually also listed as having high pairwise mutual informa 
tion by the other authors method. 
0519. It is not always true that a correlated k-tuple of 
attributes implies that all possible pairs, from that k-tuple, 
are also mutually correlated, nor Vice versa. Therefore, a 
method like those described herein, that can find pairwise 
and higher-order k-ary correlations, offers advantages over 
pairwise methods which can fail to detect important higher 
order correlations among genes or among other attributes in 
other applications. 

0520 Application of the Principles Described Herein to 
the Discovery of Categories in Internet/Intranet Document 
Databases for Use in Document Search Engines 
0521. Document search by topic or keyword implies the 
existence of an efficient Search engine and, indeed, much 
effort has been applied to the development of effective 
Search algorithms. This, however, only represents a part of 
the total Solution-the problem also requires an effective 
document categorization Strategy. Information theory dic 
tates that an effective Set of categories, or topics, used to 
organize documents should be uncorrelated and roughly 
equiprobable. When these topics occur with widely-varying 
probabilities, the Search Space of documents will be either 
too broadly or too narrowly divided by some topics. If 
correlations exist between the topics (that is, where knowl 
edge of the existence of a topic within a given document 
implies a greater probability that other topics will be found 
within the document as well) then the topic Set can be 
reduced in size (by removing Some of the correlated topics 
from the categorization Set). The “equiprobability” concern 
can be addressed by the application of the principles 
described herein. This problem yields readily to statistical 
techniques, but Standard Statistical techniques usually fail to 
capture higher-order joint probability terms The “decorre 
lation” problem is much more subtle and intractable. A 
Sub-optimal topic Set forces the Search engine to examine 
more Such topics than necessary before the results can be 
returned to the users (and may confuse interpretation of the 
organization of the documents themselves). Given that every 
increment in Search efficiency allows greater numbers of 
users to use the System, the developers of Such Systems can 
not afford a lack of effective categorization of documents 
0522 Application of the method to optimal or near 
optimal topic Set reduction can also be represented in terms 
of the M by N data matrix we have used to describe the 
working of the invention in other Sections of this document. 
In one application-specific embodiment, the rows of the data 
matrix correspond to particular documents in the database; 
and the columns correspond to a proposed topic Set that is 
intended to categorize them. (See Table 6) The rows in Table 
6 correspond to documents in a database, while the columns 
correspond to proposed topics used to classify them. The 
value in table celli,j) is one (1) if documentimentions topic 
j and is Zero (0) otherwise. 
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TABLE 6 

Topic 1 Topic 2 Topic N 

Document 1 1. O 1. 
Document 2 O 1. O 

Document M O O 1. 

0523 Steps involved in applying current invention to a 
Search for a near-optimal topic Set with which to classify a 
Set of documents include: 

0524) 1. Obtain an initial topic set. The field of docu 
ment search is well established and effective method 
ologies for the creation of Such sets are known to those 
skilled in the art. 

0525 2. Create the database using this topic set and the 
Set of documents that the topic Set categorizes. Given 
the topic Set, all one need do is examine each document 
to determine whether or not it mentions each topic. 

0526 3. Present this database, in whole or part, such 
that each document in the database corresponds to one 
or more of the M objects (rows) in the embodiment's 
data matrix and So that each proposed topic corre 
sponds to an attribute (column) of the data matrix. 

0527 4. Employ the base method above or one of the 
other embodiments described herein on the data matrix 

0528 5. Direct the discovered correlated k-tuples of 
attributes to 

0529) A graphical viewer or printer, or 
0530 A rule-generator preprocessor for rule-based 
System, or 

0531. A report for administrators or other users of 
the computer database query System, or a report 
generation System, or 

0532. Another computer program that performs 
Some kind of further analysis of the data, for 
example, performing more in-depth Statistical analy 
sis (e.g., multiple regression) on the correlated vari 
ables, or 

0533. Another computer program that performs 
Some transformation or optimization on the database. 

0534 Any statistically significant correlation between 
topics in the topic Set may indicate an ineffective initial 
choice of topics. The correlated k-tuples discovered by the 
method of the current invention correspond both to “highly 
correlated topics” (with respect to the “decorrelated topics” 
goal) and to “highly probable joint topics” (with respect to 
the “roughly equiprobable topics' goal). A person skilled in 
the art can use the correlations output in this application, as 
a guide to determining which topic(s) found to co-occur 
should be removed or combined from the topic set. Using 
the output of the application in this way would allow the 
administrator of Such a document Search engine to increase 
the performance of the System by reducing the number of 
categories to be searched in response to a user's query. The 
enhanced performance of the System would benefit the 
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provider of the Service in two ways the response time of the 
System to user's queries would decrease and the total 
number of users that can be served would increase. 

0535 Applications of the Principles Described Herein to 
Internet and Intranet Search and Storage 
0536 Internet and intranet search engines can be ranked 
Subjectively by examining the length of time needed for 
users to find Sites or documents of relevance to their query 
Any improvement to the underlying algorithms that drive 
the Search engine's output that allows users to find what 
they’re looking for Sooner improves the usefulness of that 
engine, allows it to Serve more users and makes it more 
attractive to both the communities of users and advertisers 
(in the case of internet Search) and users and management (in 
the case of company intranet Search). Presented below are 
two uses of the principles described herein that will provide 
ways to get relevant information to users Sooner and to better 
manage the Storage of documents on internet or intranet 
Search Systems. In the descriptions and examples below, the 
principles discussed apply equally whether one is consider 
ing the internet/web and hence individual web pages and 
websites, or intranets, maintained within the information 
Systems of a single company or other institution, in which 
case the Search is for documents rather than websites per Se. 
0537 For the purposes of elucidating this description, 
assume that each page in the Set of web pages, or internal 
intranet documents in the Set of Such documents, known to 
the Search engine has already been classified by topic and 
that the set of topics is fixed a priori. The goal is to present 
the user with the normal output of the Search engine but to 
Supplement that list of links with an additional list of topics 
known to be related to the user's request. 
0538. The rows in Table 7 correspond to a set of web 
pages, or internal intranet documents, while the columns 
correspond to topics. The value in table celli, j) is one (1) 
if web page or document i mentions topic j and is Zero (0) 
otherwise. 

TABLE 7 

Topic 1 Topic 2 Topic N 

Page 1 1. O 1. 
Page 2 O 1. O 

Page M O O 1. 

0539 Table 7 illustrates the database upon which the base 
method or other embodiment described herein will be run, in 
the data matrix format for representing objects and attributes 
that have been defined and described elsewhere herein. Note 
that, because of the characteristics of the embodiments 
described herein, the number of pages used in the table need 
not be the entire set of all web pages. The embodiment, when 
run (or employed) on this table will find those topics that are 
frequently found in the same document together. This indi 
cates that these topics are related in Some fashion and, as the 
Set of web pages Supports their association, they may be of 
interest to the user as well. 

0540. The advantages are several. The computational 
expense of these embodiments Scales linearly with respect to 
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the number of columns in the database. In this application, 
the number of columns represents the number of topics 
asSociated with web pages. AS this number is almost cer 
tainly very large, this characteristic of the method is a real 
benefit. In addition, if the web pages are kept in random 
order, the embodiments can be run on more manageable 
Subsets of the entire set of web pages. This allows the job of 
finding these associations to be divided into much Smaller 
jobs which can be run, Serially or in parallel, during idle 
times on the Server where the Search engine resides. This 
method can produce novel associations of great width (k) at 
any point during its execution. Many other "asSociation 
mining methods only find longer k-tuples of associated 
attributes at later Stages in their long execution times. Lastly, 
as the list of associated topics found by this algorithm grows, 
the pages that Select the links for these new "joint topics’ 
can be created and cached. This would reduce Server loads 
(thus allowing more users to access the System). AS this also 
puts bounds on the Statistical relevance of the findings, this 
information could be used to Select which new topic indices 
would be cached and which would be re-created as needed. 

0541. Alternative Application of the Principles Described 
Herein to Manage the Storage and Retrieval of Web Pages 
and Documents: 

0542 Internet and intranet search engines attempt to 
order the Space of web pages or documents by topic. 
Generally, an initial (e.g. alphabetic) ordering is not at all 
likely to evenly divide that Space. For example, the topic 
“California' will have a vastly greater Set of pages associ 
ated with it than will “North Dakota'. A simple tree-like 
Storage of the pages by topic (with Sub-topics at lower levels 
of the tree) will leave “California” with a very deep tree. 
What would be of use in this situation would be some better 
way to divide the Search Space of pages than by just Single 
topics. In the noted example, it would be better to have the 
large Set of California-related web pages divided into 
Smaller sets closer to the size of the set for North Dakota. We 
can keep our ordering of the pages by topic if we choose to 
divide larger Sets into Smaller ones by replacing the Single 
topic describing the Set with a Series of associated topic fists 
that encompasses the same Space. Going back to our 
example, if “California' were only Strongly associated with 
“Sunshine”, “Wine” and “Cars” we would replace the tree 
node "California' with the set of nodes “California and 
Sunshine”, “California and Wine”, “California and Cars”, 
“California and Other'. This will allow faster lookup and 
Storage of these pages because it reduces the height of this 
part of the tree (in this case) by one. Recursively applying 
the same technique at all nodes in the tree would provide a 
method for ensuring better balance than could have been had 
before. The only thing missing from this formulation of the 
new tree balancing function is the discovery of the associa 
tions themselves. An application of embodiments described 
herein to the Same table discussed in the previous Section 
extracts this information from the Set of pages. The method 
tells us not only which topics are related but also gives an 
indication of the level of Support for each association in the 
database. Once a problematically large topic has been iden 
tified, the list of associations found by the algorithm that 
includes this topic can be consulted to determine how to 
divide the topic. 
0543. The use of tree-based storage retrieval techniques 
is known to those in the art, and Such methods include Such 
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variations as B-trees, k-D trees, tries, k-D tries, and grid files. 
Hashing Schemes can also be used instead of, or in addition 
to, tree-based methods per se. With all such methods, there 
are efficiency gains to be made, in both storage (main 
memory and offline memory) and running time, by taking 
advantage of particular distributions of the data in the 
application domain. The embodiments described herein can, 
as shown above and in other ways, be used to obtain a better 
understanding of and exploitation of the distribution of the 
data. 

0544 The advantages include all those listed for the first 
alternative above with one significant addition-if one is 
already using the method to find lists of Sites related to a 
given query, then one is already compiling the exact list of 
asSociations that is needed here to help balance the Search 
tree. 

0545 Application of the Principles Described Herein to 
Sales Analysis, Direct Mail and Related Marketing Activi 
ties 

0546 Marketing executives, within retail sales compa 
nies, advertising/marketing agencies, magazine, newspaper, 
radio, television, film and internet companies, and non-profit 
and charitable organizations, need to know which kinds of 
people are likely to buy or contribute. In all these and other 
marketing contexts, it is very useful and valuable to be able 
to analyze data both from previous marketing campaigns 
(we’ll use the term “mailings”, though other campaigns and 
promotions are also included) and from previous purchases 
of the relevant good and Services, or previous contributions 
to charities (let us refer to all these as “products”). 
0547. It is useful for marketing executives, salespeople 
and management to know Such things as, for example: 

0548 Which products tend to be bought together (by 
same customer, perhaps within Same transaction)? 

0549. Which of our previous advertising campaigns 
or mailings produced good response (high sales of a 
product) and which did not? 

0550 Which demographic factors correlated with 
large total spending on our companies products last 
year? Are 25-40 year old females in the Midwest 
region buying our products? 

0551 Such questions can be addressed by the analysis of 
databases organized in terms of customers, transactions, 
demographic factors, previous marketing campaigns, and 
Sales of To particular products. For charitable organizations, 
the basic idea is the Same, though instead of "Sales' and 
“customers' the application is to “contributions” and 
"donors', for example. The principles described herein can 
be applied Successfully to these analysis tasks, wherein one 
of the main current computational challenges is the discov 
ery of associations (correlations) amongst Sets of variables 
or attributes in very large databases Table 8 illustrates the 
application to the analysis of databases on customer pur 
chases of products. Table 9 is similar except that it illustrates 
the case wherein not only purchases are recorded in the data, 
but also information on previous marketing campaigns. 
Either of these Schemes may be augmented by the inclusion 
of additional columns corresponding to demographic 
attributes of the customers, for example region of residence, 
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age group, income group, gender, occupational category, 
and participation in community- or leisure-related activities. 
0552. The rows in Table 8 correspond to customers 
(and/or potential customers), while the columns correspond 
to products (goods or Services) that were either purchased 
(denoted by 1) or not purchased (denoted by 0) by particular 
customers. The value in table cell i,j) is one (1) if customer 
i has purchased product j and is Zero (0) otherwise. 

TABLE 8 

Product 1 Product 2 Product N 

Customer 1 1. O 1. 
Customer 2 O 1. O 

Customer M O O 1. 

0553) The rows in Table 9 correspond to customers 
(and/or potential customers), while the columns correspond 
to mailings (or other marketing campaigns) and products 
(goods or Services) that were either purchased (denoted by 
1) or not purchased (denoted by 0) by particular customers 
For the Mailing columns, the value in table celli, j) is one 
(1) if customer i was sent mailing and is Zero (0) otherwise. 
For the product columns, the value in table celli, j) is one 
(1) if customer i has purchased product j and is Zero (0) 
otherwise 

TABLE 9 

Mailing 1 Mailing n1 Product 1 Product n2 

Customer 1 1 ... O O ... 1 
Customer 2 1 ... 1 O ... O 

Customer M O ... 1 1. ... O 

0554 Steps involved in applying the principles described 
herein to a Sales/marketing database include: 

0555 1. Obtain sales/marketing database as described 
above. Where necessary, use methods known in the art 
to transform continuous-valued variables into discrete 
State variables. 

0556. 2. Present this database, in whole or part, such 
that each customer in the database corresponds to one 
or more of the M objects (rows) in the embodiment's 
data matrix and So that each product or mailing corre 
sponds to an attribute (column) of the data matrix. 
Mailing attributes (if any) plus product attributes 
together comprise the Nattributes (columns) in the data 
matrix. 

0557. 3 Employ the base method above or one of the 
other embodiments described herein on the data matrix. 

0558 4. Direct the discovered correlated k-tuples of 
attributes to: 

0559) A graphical viewer or printer, or 
0560 A rule-generator preprocessor for rule-based 
System, or 
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0561. A report for marketing personnel, magazine/ 
newspaper circulation directors, Salespeople, man 
agers or other users of the computer database query 
System, or a report-generation System, or 

0562 Another computer program that performs 
Some kind of further analysis of the data, for 
example, performing more in-depth Statistical analy 
sis (e.g., multiple regression) on the correlated vari 
ables, or 

0563 Another computer program that performs some 
transformation or optimization on the database. 
0564) The output in this application, can be useful in 
Several possible ways. 
0565 For example, the output may include correlated 
k-tuples which comprise Sets of products that tend to be 
bought together, either within the same transaction or by the 
Same customer acroSS different transactions. Such informa 
tion can be used to develop "tie-in” and co-marketing 
campaigns, Such as, for example, when buyers of NBA 
basketball tickets are given coupons for discounts on NBA 
team shirts, basketball shoes, and other basketball-related 
merchandise. While it is perhaps not Surprising that basket 
ball fans like to wear NBA team shirts, the steps described 
above are capable of discovering other associations between 
products that are not So obvious. 
0566 For another example, the output may include cor 
related k-tuples which represent particular advertising cam 
paigns correlated with particular product purchases. Such 
information can help marketing executives focus their 
recourses on new marketing campaigns of the type most 
likely to increase Sales 
0567 Use of the Principles Described Herein in Cluster 
ing Customer Data 
0568 Another rather different application of the prin 
ciples described herein to marketing practice is obtained by 
considering the transpose of the data matrix described 
above. Instead of customers as objects (rows) and products 
and demographic factors as attributes (columns), consider 
what is possible when the customers correspond to columns 
and the product and demographic variables correspond to 
rows. (See Table 10). Use of the principles described herein 
to this Scenario produces correlated k-tuples of customers, or 
customer profiles, in the Space of demographic and purchas 
ing pattern features. This is seen to be a form of clustering 
of the customer data, into groups of customers or customer 
profiles that are roughly Similar in terms of their buying 
habits and lifestyles. Such clustering can be useful in des 
ignating Special "target groups', to enable more optimal 
allocation of marketing resources Once this transposition of 
the data is envisioned, the other Steps apply entirely analo 
gously to the descriptions given above for marketing activi 
ties. 

0569. Use of the method on the “transpose” of the 
marketing database shown earlier, in order to cluster the 
customers is shown in Table 10 It is now the columns that 
correspond to a set of customers, while the rows now 
correspond to products purchased and demographic features. 
There are M' rows and N' columns, where perhaps M'=N and 
N'=M, for the original M and N described above. The value 
in table celli, i is one (1) if customer i purchased product 
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jor possesses demographic feature j and is Zero (0) other 
wise. 

TABLE 10 

Customer 1 Customer 2 Customer N 

Prod/Demo 1 1. O 1. 
Prod/Demo 2 O 1. O 

Prod/Demo M' O O 1. 

0570 Application of the Principles Described Herein to 
the Analysis of Medical, Epidemiological and/or Public 
Health Databases 

0571 Medical scientists and practitioners have long 
known that many human diseases and disorders, physical 
and mental, are caused by complex interactions among 
many potential contributing factors. Such factors can 
include particular genetic conditions or abnormalities, expo 
Sure to biological pathogens, aspects of diet, environment 
(air, water, noise pollution), exposure to hazards in the home 
or workplace, emotional StreSS, Substance abuse and poverty, 
among others. The true "causes of a given condition often 
remains impossible to ascertain, though there is much folk 
lore and anecdotal evidence offered in attempts to explain 
Some instances. The problem of discovery and prevention of 
health threats is helped in recent times by the ability of 
researchers, insurance company representatives, epidemi 
ologists and public health officials to compile and analyze 
large amounts of data on real people, healthy and Sick, living 
and deceased. AS in other applications of computers and 
Statistical analysis to databases, one must contend in this 
field with a huge number of variables and the exponential 
complexity of their potential interactions. This kind of 
analysis can be improved greatly by methods that efficiently 
find correlations and associations amongst tens, hundreds, or 
thousands of variables The principles described herein are 
applicable to Such a Situation 

0572 Application to medical databases can also be rep 
resented in terms of the M by N data matrix we have used 
in other Sections of this document. In one application 
Specific embodiment, the rows of the data matrix correspond 
to particular patients or Subjects in a health Study; and the 
columns correspond to factors thought to contribute to a 
given disease or Set of diseases. Again, these factors can 
include Socioeconomic factors, lifestyle (exercise, diet), 
aspects of the patient's home or workplace environment 
(e.g., exposure to carcinogenic chemicals), past medical 
treatments, and So on. (See Table 11). 
0573 The rows in Table 11 correspond to patients or to 
human Subjects in a study, while the columns correspond to 
potential disease factors. The value in table celli, j) is one 
(1) if patient i has experienced or been exposed to factor j 
and is zero (0) otherwise. 
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TABLE 11 

Factor 1 Factor 2 Factor N 

Patient 1 1. O 1. 
Patient 2 O 1. O 

Patient M O O 1. 

0574. In some application-specific embodiments, there 
may be not just one disease =along with the factors shown 
in Table 11 and described above. For example, a particular 
patient p may have lung cancer but not diabetes or heart 
disease, and So row p would have a 1 in the column 
corresponding to lung cancer and have values of 0 for the 
columns 1 in the column corresponding to lung cancer and 
have values of 0 for the columns corresponding to diabetes 
and heart disease 

0575 Steps involved in applying current invention to a 
medical/epidemiological/lifestyle factorS database include: 

0576 1. Obtain database of medical/epidemiological/ 
lifestyle factors as described above Where necessary, 
use methods known in the art to transform continuous 
valued variables into discrete-State variables 

0577 2. Present this database, in whole or part, such 
that each patient/Subject in the database corresponds to 
one or more of the M objects (rows) in the embodi 
ment's data matrix and So that each potential disease 
factor corresponds to an attribute (column) of the data 
matrix. Additional attributes representing different dis 
eases plus the disease factors together comprise the N 
attributes (columns) in the data matrix. 

0578. 3. Employ the base method or other embodi 
ments described herein on the data matrix. 

0579. 4. Direct the discovered correlated k-tuples of 
attributes to: 

0580 A graphical viewer or printer, or 
0581. A rule-generator preprocessor for rule-based 
System, or 

0582. A report for doctors, researchers, public health 
officials, managers or other users of the computer 
database query System, or a report-generation Sys 
tem, or 

0583. Another computer program that performs 
Some kind of further analysis of the data, for 
example, performing more in-depth Statistical analy 
sis (e.g., multiple regression) on the correlated vari 
ables, or 

0584) Another computer program that performs 
Some transformation or optimization on the database. 

0585. The output of this application, can be useful in 
Several possible ways. 
0586 For example, the output may include correlated 
k-tuples which comprise Sets of factors associated with one 
or more disease conditions. Such information, perhaps 
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refined through further Statistical analysis, can provide 
breakthroughs in understand, treating, and preventing those 
particular diseases. 

0587 For another example, the output may include 
correlated k-tuples which comprise Sets of factors 
asSociated with each other, Such associations being 
previously unknown The discovery of associated 
lifestyle factors, Such as particular diets and obesity 
or particular professions and high levels of alcohol 
consumption, can itself be useful in improving pub 
lic health policy and medical practice. 

0588 All such discovered correlations can potentially be 
of great benefit to insurance providers, public or private, as 
they must make their actuarial tables and insurance policies 
reflect accurate predictions of health and life expectancy, for 
example, based on lifestyle, Socioeconomic and other fac 
torS. 

0589 Use of the Principles Described Herein in Cluster 
ing Patient Data 
0590 Another rather different application of the prin 
ciples described herein to public health and insurance policy 
and practice is obtained by considering the transpose of the 
data matrix described above. Instead of patients as objects 
(rows) and potential disease factors as attributes (columns), 
consider what is possible when the patients correspond to 
columns and the factors correspond to rows. (See Table 12). 
Use of the current invention in this Scenario produces 
correlated k-tuples of patients, or patient-profiles, in feature 
Space. This is seen to be a form of clustering of the patient 
data, into groups of patients or patient profiles that are 
roughly similar in terms of their lifestyle factors. Such 
clustering can be useful in designating Special "low-risk” or 
“high-risk” types of patients or insurance applicants, to 
enable more optimal allocation of health Services, Outreach 
programs, insurance protection, or other resources. Once 
this transposition of the data is envisioned, the other Steps of 
the preceding application to analysis of medical and other 
databases apply entirely analogously to the descriptions 
given above. (See Table 12). 
0591) Use of the principles on the “transpose” of the 
disease factors database shown earlier, in order to cluster the 
patients or policy-holders in factor-space is shown in Table 
12 It is now the columns that correspond to a set of patients, 
medical Study Subjects, or potential insurance policy-hold 
ers, while the rows now correspond to potential disease 
factors that may include lifestyle factors, Socioeconomic 
factors, workplace factors, and So on. There are M' rows and 
N" columns, where perhaps M'=N and N'=M, for the original 
M and N described above. The value in table celli, i is one 
(1) if patient i possesses or has been exposed to factor j and 
is zero (0) otherwise. 

TABLE 12 

Patient 1 Patient 2 Patient N' 

Factor 1 1. O 1. 
Factor 2 O 1. O 

Factor M" O O 1. 
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0592) Application of the Principles Described Herein to 
the Discovery of the Causes of Failures in Complex Systems 
0593 Administrators of complex integrated systems such 
as computer networks and factory automation Systems have 
been faced with the difficult diagnosis problems these sys 
tems pose Since their inception. Where a Series of events in 
the System (perhaps over a protracted period of time) leads 
to a failure of the System as a whole, the diagnosis of the true 
cause of the failure can be an almost insurmountable task. 
For example, a network interface card on a gateway com 
puter that fails intermittently when under high load condi 
tions may not cause the host computer to crash but may lead 
to errors on other computers that use the card (by proxy) to 
service their network requests. Such a problem would be 
difficult in the extreme to track down using conventional 
diagnosis techniques. Tools that can present administrators 
with a better analysis of the conditions on the System as a 
whole that lead to the failure would speed the diagnosis and 
correction of the under-lying problem. 
0594. We need to define the database upon which the 
principles described herein will be applied. 

0595. The database as a whole can be thought of as a state 
record of a Series of components over time. The columns of 
this database, when Viewed in the data matrix format used 
throughout this document, represent the Series of compo 
nents, the rows represent discrete points in time. The values 
in the table are intended to be an encoding of each compo 
nent's State (on, off, idle, error, and So on) at the time in 
question. Such logging procedures are well known to those 
skilled in the art. 

0596) The rows in Table 13 correspond to points in time, 
while the columns correspond to individual components in 
the System. The value in table celli, j) is the encoded State 
of component j at time i. 

TABLE 13 

Component 1 Component 2 Component N 

Time 1 1. O 1. 
Time 2 O 1. O 

Time M O O 1. 

0597 Steps involved in applying the method of the 
current invention to analysis of a System operations database 
include: 

0598 1. Create a database of system components and 
their states as described above The choice of state sets 
for the components in the system will be driven by 
behaviors of interest to the administrators of the system 
as well as by the components themselves. 

0599 2. Present this database, in whole or part, as a 
data matrix Such that each column in the data matrix 
corresponds to a component in the System and each row 
in the data matrix corresponds to a point in time in the 
Series. 

0600 3. Employ the base method above or one of the 
other embodiments described herein on the data matrix 
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0601 4. Direct the discovered correlated k-tuples of 
attributes to: 

0602. A graphical viewer or printer, or 
0603 A rule-generator preprocessor for rule-based 
System, or 

0604. A report for the administrators of the system, 
or a report-generation System, or 

0605 Another computer program that performs 
Some kind of further analysis of the data, for 
example, performing more in-depth analysis on the 
correlated variables, or 

0606. The output in this application, can be used to 
indicate the events in the System that are typically 
Seen to co-occur with a given failure. Given the 
formulation of the database, we need not restrict 
ourselves to the States of the components in the 
System at the time of the failure-we can expand our 
examination of the failure conditions to any range of 
points in time for which the database has records. 
This allows the method to help illuminate subtle 
causal relationships between components that ulti 
mately lead to failure. In the Simplest case, the output 
can be used to eliminate Some components in the 
System from Scrutiny if it is seen that they are not 
correlated with the failure. 

0607 Application of the Principles Described Herein to 
the Analysis of Complex Systems 
0608 Complex systems define a large family of some 
what Similar applications. For the purpose of this discussion, 
complex Systems are defined as Systems for which there are 
no direct detailed modeling approaches because these SyS 
tems comprise a huge number of interacting individual 
components or parts. Examples would include (but would 
not be limited to) economics, individual human behavior, 
productivity in groups of employees, weather patterns, crime 
in a nation, etc. In each of these cases, there are no known 
methods to model the System exactly SO variables or Sets of 
variables are used to measure the State of these Systems 
(examples in the case of economics would be the interest 
rate, Stock market values and inflation rates). For the pur 
poses of this description, the events in these complex 
Systems take the form: pre-condition, action and post-con 
dition. These interactions represent the State of the System 
before the actions were taken, the actions themselves and the 
resulting State of the System at Some point after the imple 
mentation of the actions Put another way, the Set of previous 
perturbations of the System and their outcomes are used as 
a history of the system from which to derive information 
about the System's characteristics 
0609. The kinds of databases of complex systems that can 
effectively utilize the principles described herein must meet 
certain restrictions. There must be Some Set of variables 
(either in common usage or derivable from knowledge in the 
domain) used to measure the State of the given System. These 
variables are used in the pre and post condition parts of each 
database entry. Additionally, there must be Some general Set 
of actions that may be applied to the System that encompass 
methods by which it is known the system may be perturbed. 
Returning to the economicS example, the action Set would 
include all things under the heading of fiscal policy'. 
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0610 Formally, the database must include attributes rep 
resenting Zero or more pre-condition variables, Zero or more 
action variables, and Zero or more post-condition variables. 
Leaving aside the trivial case wherein the database contains 
Zero pre and post condition variables and Zero action vari 
ables, there are eight cases to consider. They will be pre 
Sented exhaustively below with examples where appropri 
ate. Note that in each case, there are two interpretations of 
relevance. For example, consider the case where we have 
pre-condition variables and action variables but no post 
conditions. The correlations can be derived in two ways: the 
database itself could have had no post-condition variables in 
it (and the returned set of correlations is culled to remove 
any correlations that involved only variables of one type) or 
it can be that just the Set of correlations themselves contain 
no post-condition variables even though the database does in 
fact contain them For the purposes of the discussion, we 
assume the former is the case-we can always cull the 
results of the method on a database that has more types of 
variables to leave a set of correlations which do not have 
Some types of variables. 
0.611) If the database contains only variables of one type 

(i.e. only action variables or pre or post condition variables) 
then the correlations derived from it can be interpreted in 
one of two ways. If the variables are pre or post condition 
variables, then the results indicate Situational archetypes 
that is, sets of attribute values (or, equivalently, States of 
variables) that tend to be seen together. An example from the 
domain of weather patterns would be rain and low baromet 
ric pressure. If only action variables are present in the 
database then correlations found between them indicate Sets 
of decisions that tend to be made together. In a military 
domain, we might discover that flanking maneuvers and 
offensives tended to be seen co-occurring AS these types of 
databases are very Similar to others described elsewhere in 
this document (as would be the applications of the method 
in these cases), this Section will not explicitly address them. 
0612 The cases where the database contains variables of 
only two of the three types are three in number 
0613 Correlations found in a database that contains only 
pre-condition and action variables describe the relationship 
between situations in the domain and the Selection of 
actions. An example is football play-calling (note that this 
also involves a complex System that can not be modeled in 
any direct detailed way—the play-caller). Here the correla 
tions indicate the tendencies of the action-taking entity, e.g., 
a coach or quarterback. 

0.614. If the database contains only action and post 
condition variables, then the correlations found elucidate the 
effectiveness of Sets of actions regardless of preconditions 
Going back again to the football example, correlations of 
this type would illuminate the ability of the team in question 
to perform certain actions (e.g., if “third and long yardage to 
first down' tended to result in a poor post-condition Set, like 
fourth down, then we would know that the team tended to be 
ineffective in this situation). Another important example is 
drug interaction. In this case, the actions are the drugs given 
and the post-conditions are the Side-effects reported for 
Some patient. 

0615. While the utility of the case where the database 
contains only pre and post condition variables may be 
unclear on first examination, it may well be that this is one 
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of the most useful cases. Here we are either interested in 
things that tend to happen after a situation in the given 
domain regardless of actions taken by the decision-maker or 
we are in a domain where there are no actions that can be 
taken (or none that effect the System itself). An example of 
the former would be the fact that the pre-condition “third and 
long” in football tends to be followed by the post-condition 
“fourth and long” In fact, it may be the latter case that is the 
most interesting. Consider that case of weather patterns if we 
focus on the post-condition "tornadoes” (that is, we cull the 
resulting correlation Set So that it includes only those cor 
relations that involve the appearance of "tornadoes' in the 
post-condition), then what these correlations tell us are 
precursor Signs that tornadoes are immanent. 
0616) The last case is the most general: the database 
contains all three types of variables. Note that a database of 
this form is capable of having correlations of attributes of all 
the preceding types. Example domains have already been 
given (economies, crime in a population, etc.) Here the 
correlations can be thought of as rating actions sets (given 
Some set of pre-conditions) based on the quality of the 
post-conditions. 
0617 The last consideration is the types of data that the 
database entries contain. Binary valued attributes, as noted 
throughout this document, can readily be accepted by this 
method. Other value types must be of limited range of 
discrete values. Where this is not the case (i.e. real-valued or 
integer-valued attributes), Some transformation must be per 
formed on the values in question to reduce their range of 
values to a more manageable number. Various clustering 
methods are among the preferred methods for this, and are 
well-known to those skilled in the art. 

0618. In all cases, the correlations returned by the method 
are ideal inputs to a case-based reasoning package. Given a 
condition of the System (i.e. the current condition), a cased 
based reasoning tool could use the associations found by the 
principles described herein as a basis for analysis of possible 
outcomes of Selections from the Set of actions that can be 
applied to the System. 
0619 Generally, the principles described herein can be 
used as a tool to aid decision-makers. Decision-makers can 
be “real” or artificial (that is, the method can be used as part 
of an artificial intelligence engine whose purpose is to make 
decisions in the domain of interest). 
0620. Description of the Application of the Principles 
Described Herein to Databases with Pre-condition Variables 
and Action Variables: 

0621. Given the above-noted restrictions on the form of 
the database, it is clear that the input requirements for the 
application of the embodiments described elsewhere herein 
are met. In the convenient data matrix representation cited 
elsewhere in this document, the M rows in this context are 
the total Selected Set of pre-conditions and actions taken. If 
the entity that applies the actions can Sensibly be perSonified 
then these rows can represent a history of the decisions made 
by this entity and the states of the system at the time they 
were made. The N columns comprise the set of state 
variables that define the state of the system and the set of all 
applicable action variables that describe the ways in which 
the system can be perturbed (see Table 14) 
0622. The rows of Table 14 correspond to instances of or 
combinations of System States (the pre-condition of the 
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System) followed by actions taken in response to that State, 
while the columns correspond to variables thought to 
describe the State of the System and possible actions that can 
be applied to the System. The value in table celli, p is an 
encoding of the measure of State variable p in event i if 
column p is a pre-condition column and is an encoding of the 
action taken in event i if column p is an action column 

TABLE 1.4 

Pre 1 Prej Act 1 Actk 

Row 1 C(1, 1) C(1,i) A(1, j+1) A(1, j+k) 
Row 2 C(2, 1) C(2,j) A(2, j+2) A(2, j+k) 

Row M C(m, 1) C(m, ) A(m, j+2) A(m, j+k) 

0623 There are some other considerations that must be 
addressed prior to the application of the Principles described 
elsewhere herein to any given domain. The Set of State 
variables must be defined. This is left to those skilled in the 
domain itself (e.g., football coaches, military analysts, etc.) 
0624 Previously noted examples are the case of football 
play-calling by coaches and military decision made by 
generals. In general, preferred implementations of this 
invention will use the method of the current invention on 
databases of this form in order to extract information about 
the action-taking entity. The correlated State variables and 
actions describe the tendencies of this entity. AS noted 
above, these may be further analyzed using case-based 
reasoning tools to give a better picture of the entity's likely 
decisions given a State of the System. 
0625) Another use of the invention on databases of this 
type is in discovering fraud indicators in tax collection. Here 
we let the pre-conditions be a set of attributes intended to 
capture the Salient details of a tax return (Such things as total 
income, total tax owing as reported by the individual or 
business, tax exemptions claimed, etc.) and choose the 
action variables to define a set of possible tax evasion 
methods. The correlations found by the invention then 
indicate associations between types of tax returns and types 
of tax evasion. AS coincidence detection bounds the returned 
correlations Statistically, we not only find indicators of 
evasion but also the reliability of these findings. Given that 
tax collection agencies can not afford to investigate all tax 
returns sent to them, this method allows them to find a 
well-chosen Subset of these returns that is most likely to 
result in findings of fraud (and greater monetary returns for 
the government). 
0626. The last such use that will be presented is in the 
domain of insurance fraud and is very Similar to the appli 
cation of the principles described herein to tax collection. 
The pre-condition variables are intended to capture a set of 
details in an insurance claim that are thought to be possible 
indicators of fraud (amount claimed, specifics concerning 
the insured entity, etc.) and the action variables represent 
types of fraud. The results found when the principles 
described herein are applied Show correlations between the 
details of insurance claims and types of fraud. Insurance 
companies can not investigate all claims Sent to them; So, the 
application of the principles described herein will narrow the 
total list of such claims to a set more likely to be the subject 
of fruitful investigations 
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0627 Steps involved in applying thprinciples described 
herein to a database containing pre-condition and action 
variables include 

0628 1. Create the database of system states and 
actions taken by the action taking entity as described 
above. Where necessary, use methods known in the art 
to transform continuous-valued attributes into discrete 
State attributes 

0629 2. Present this database, in whole or part, such 
that each States/action Set corresponds to one of the M 
objects (rows) in a data matrix and So that each State 
type aspect and action type corresponds to an attribute 
(column) of the data matrix 

0630 3. Employ the base method or other embodiment 
described herein on the data matrix. 

0631 4. Direct the discovered correlated k-tuples of 
attributes to: 

0632 A graphical viewer or printer, or 

0633) A report for decision-makers, or a report 
generation System, or 

0634. Another computer program that will use the 
correlations found as a basis for making decisions 
(for example, a case-based reasoning package), or 

0635 Another computer program that performs 
Some transformation or optimization on the database. 

0636. This application of the principles described herein 
provides and utilizes a list of correlated State/action Sets that 
give insight to the inclinations of the action-taking entity. 
Were one to be interested solely in one system state (or in 
only a few aspects of a given State), for example the current 
State, one could cull the results of any correlations that do 
not share a given Set of aspects with that State. The resultant 
Set would represent correlations between the aspects of 
interest and the actions taken in response. The resulting 
insight into the action-taking entity's methodology can be 
used in further decision-making. 

0637. Description of the Principles Described Herein as 
Applied to Databases with Pre-condition Variables and 
Post-condition Variables: 

0638 Here, too, the above-noted restrictions on the form 
of the database force compliance with the input require 
ments of the embodiments described elsewhere herein. The 
M rows in this context are the instances or combinations of 
pre-conditions and post-conditions (viewed together, one 
can think of these rows as being the System's transitions 
between states). The N columns are comprised of the set of 
state variables that define the state of the system before and 
after the transition (see Table 15) 
0639 The value in celli,j) of Table 15 is an encoding of 
the measure of state variable j either before or after the 
transition. 
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TABLE 1.5 

Pre 1 Prej post 1 Postk 

Row 1 C(1, 1) C(1, j) C(1, j+1) C(1, j+k) 
Row 2 C(2, 1) C(2,j) C(2, j+1) C(2, j+k) 

Row M C(m. 1) C(m, j) C(m, j+1) C(m, j+k) 

0640 There are some other considerations that must be 
addressed prior to the application of this invention in any 
given domain. The set of state variables must be defined This 
is left to those skilled in the domain itself. 

0641 Equally important is the selection of time quanta 
that define the granularity of the transitions. This too is left 
to those skilled in the art to decide based on their own 
expertise and the kinds of information they wish to extract. 
It is assumed that Some minimum granularity is imposed by 
either the complexity of gathering Such data or by the limits 
of the usefulness of Such data. Given this, one can then pick 
any multiple of this minimum granularity to be the time 
between pre and post conditions. At the very least, this 
distance in time should be long enough for the System to 
have changed it's State. 

0642 Possible domains of application for this invention 
include economics and fiscal policy, Stock market predic 
tion, athletic talent Scouting and Weather prediction. Pre 
sented below are brief descriptions of each in turn to show 
how these problems may be organized to fit the Specifica 
tions of the method of the current invention. 

0.643. In the domain of economics and fiscal policy, we 
propose a database of Sets of States where the States are a Set 
of economic indicators (inflation and interest rates, housing 
starts, GDP and so on). Each row in the database should 
contain two Such states (the pre and post condition of the 
System) separates by a fixed amount of time. The correla 
tions found in by the method of the current invention then 
give insight into cycles in the economy. 

0644. For stock market prediction, we propose a set of 
Stocks (presumably large) which are thought to have influ 
ence over one another. Again, a fixed period of time is 
Selected for transitions. The rows of this database then tell 
the transition of these Stocks over the chosen period of time. 
The output of the invention then indicates which sets of 
Stocks "move' in a correlated manner over that period of 
time. 

0.645 Athetic talent Scouting (e.g., by professional teams 
prior to a draft of young players) would involve an exami 
nation of the history of Such selections. Each row of the data 
matrix would then pertain to an individual player. The 
pre-condition State is a selection of Statistics (and any other 
information available about the player) thought to be indica 
tive of future performance at the professional level The 
post-condition State would then be Some Set of variables 
intended to measure that player's Success at the professional 
level. The correlations discovered by the invention would 
help teams find the best Set of indicators of future Success 
with which to make their selections. Note that in this case, 
the pre and post conditions need not be of exactly the same 
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form. There is no intended restriction on State representa 
tions to force them to be equivalent. 
0646 Weather prediction is a very straightforward appli 
cation of this invention. Here the granularity of the Selected 
time quantum is based Solely on the kind of information the 
user wishes to discover. Put another way, the time quantum 
determines the degree of prediction desired If we choose a 
single day, then the correlations found by the method will 
help us predict the weather (given a set of values for each of 
the pre-condition variables that describes the current 
weather) a day in advance. If a week (or a month etc.) is the 
chosen quantum, then this is how far into the future the 
predictions will extend. 
0647. In general, preferred embodiments of this invention 
will use the method of the current invention on databases of 
this form in order to extract information about how the 
current State of the System acts as a predictor for a future 
state. Given probabilistically bounded data correlations 
between States of the System, effective predictions can be 
made about the systems behavior. 
0648 Steps involved in applying current invention to a 
database containing pre-condition and action variables 
include: 

0649) 1. Create the database of transitions between 
System States, wherein a System State is represented by 
a value of a State variable, over the chosen time 
quantum as described above. Where necessary, use 
methods known in the art to transform any continuous 
valued State variables into discrete-State variables. 

0650 2. Present this database, in whole or part, such 
that each State to State transition Set corresponds to one 
of the M objects (rows) in the embodiment's data 
matrix and So that each State variable corresponds to an 
attribute (column) of the data matrix 

0651) 3. Employ the base method or other embodiment 
described herein on the data matrix. 

0652) 4. Direct the discovered correlated k-tuples of 
attributes to 

0653 A graphical viewer or printer, or 

0654) A report for decision-makers, or a report 
generation System, or 

0655 Another computer program that will use the 
correlations found as a basis for making decisions 
(for example, a case-based reasoning package), or 

0656. Another computer program that performs 
Some transformation or optimization on the database. 

0657. Description of the Application of the Principles 
Described Herein to Databases with Action Variables and 
Post-condition Variables: 

0658. Here, too, the above-noted restrictions on the form 
of the database force compliance with the input require 
ments of the embodients described eslewhere herein The M 
rows in this context are the total Selected Set of actions and 
post-conditions The N columns art: comprised of the set of 
state variables that define the state of the system before and 
after the transition (see Table 16). 
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0659 The rows of Table 16 correspond to observed 
instances of, or hypothetical combinations of, actions 
applied to the System and their resulting System States. The 
columns correspond to either possible actions that can be 
applied to the System or are individual State representation 
variables. If column p corresponds to one of the action types 
in the database, the value in table celli, p of Table 16 is an 
encoding of the action taken. If column j is a column used 
to indicate Some aspect of a State of the System, then the 
value in table celli, j) is an encoding of the measure of that 
aspect. 

TABLE 16 

Act 1 Act post 1 Postk 

Row 1 A(1, 1) A(1,j) C(1, j+1) C(1, j+k) 
Row 2 A(2, 1) A(2,j) C(2, j+1) C(2, j+k) 

Row M A(m. 1) A(m, j) C(m, j+1) C(m, j+k) 

0660. As noted in previous examples, decisions that must 
be made prior to the application of the method of the current 
invention to databases of this type include the choice of State 
variables used to Store the State of the System at a given point 
in time and the choice of time quantum used to temporally 
Separate the actions from the post-conditions. These choices 
are left to those skilled in the domain of application. The 
time quantum chosen must, in the most trivial case, be long 
enough for the actions to have had Some effect on the State 
of the System. 

0661 Possible uses of this invention include such widely 
varying fields as player management in hockey and the Study 
of drug interaction. 

0662 For the purposes of this document, player manage 
ment in hockey concerns only the Selection of playerS for the 
next shift on the ice given knowledge of the history of these 
players. The action variables in this case are binary values 
indicating whether or not a player is Selected for the shift 
while the post-condition variables comprise a set of out 
comes within the domain of hockey (Such things as the 
relative Score in that shift, penalties called, the length of any 
penalties, relative number of shots taken, etc.). By the 
formulation of the problem, it is clear that the discoveries 
produced by the invention indicate correlations between Sets 
of players chosen and outcomes on the next shift. In Situa 
tions where the opposing players are known a priori, these 
players can be added to the action variables. In this case, we 
will find correlations between sets of players, both for our 
team and against it, and outcomes. Given this knowledge the 
invention is useful as an aid to coaches in Selecting players 
most likely to produce beneficial results. 

0663 The study of drug interaction is a natural fit for this 
invention Here we let the action variables be binary values 
indicating whether or not a given patient has been admin 
istered Some drug or combination of drugs. The post 
condition variables indicate the list of side effects reported 
by the patient. The results found by the invention then 
indicate Statistically bounded correlations between Sets of 
drugs given to patients and Side effects. In this fashion, the 
method of the current invention can be used to determine 



US 2003/0074142 A1 

contra-indications in the use of drugs but is perhaps best 
Suited as a way to Select Sets of interactions upon which to 
focus further study. 
0664) Steps involved in applying current invention to a 
database containing action and post-condition variables 
include. 

0665 1. Create the database of transitions between 
System States and actions over the chosen time quantum 

Pre 1 

Row 1 C(1, 1) 
Row 2 C(2, 1) 

Row M C(m, 1) ... 

as described above, wherein a System State is repre 
Sented by a value of a State variable and an action is 
represented by a value of an action type. Where nec 
essary, use methods known in the art to transform 
continuous-valued State variables and action types into 
discrete State variables and action types 

0.666 2. Present this database, in whole or part, to an 
embodiment of the current invention Such that each 
action set/state set pair corresponds to one of the M 
objects (rows) in the embodiment's data matrix and So 
that each State variable or action type corresponds to an 
attribute (column) of the data matrix. 

0667 3. Employ the base method or other embodiment 
described herein on the data matrix. 

0668 4. Direct the discovered correlated k-tuples of 
attributes to: 

0669 A graphical viewer or printer, or 
0670) A report for decision-makers, or a report 
generation System, or 

0671 Another computer program that will use the 
correlations found as a basis for making decisions 
(for example, a case-based reasoning package), or 

0672 Another computer program that performs 
Some transformation or optimization on the database 

0673 Description of the Application of the Principles 
Described Herein to Databases with Pre-condition Variables, 
Action Variables and Post-condition Variables: 

0674) Here, too, the above-noted restrictions on the form 
of the database force compliance with the input require 
ments of the embodiments described elsewhere herein. The 
M rows in this application are the total Selected Set of 
pre-conditions, actions and post-conditions. The N columns 
are comprised of the set of state variables that define the 
State of the System before and after the transition as well as 
the encoded actions types (see Table 17). 
0675. The rows of Table 17 correspond to instances or 
combinations of pre-condition, actions taken and the result 
ing post-conditions. The columns correspond to types of 
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actions possible in the domain as well as aspects of interest 
to any given situation in the domain (for both pre and post 
condition columns). If column p corresponds to one of the 
action types in the database, the value in celli, p of Table 
17 is an encoding of the action taken. If column p is a 
column used to specify Some aspect of either the pre 
condition or the post-condition, then the value in table celli, 
j is an encoding of the measure of that aspect. 

TABLE 1.7 

Pre i Act 1 Act post 1 Post in 

C(1, i) A(1, i+1) A(1, i+) C(1, i++1) C(1, i++n) 
C(2, i) A(2, i+1) A(2, i+) C(2, i++1) C(2, I-j+n) 

C(m, i) A(m, i+1) A(m, i+) C(m, i++1) C(m, i++n) 

0676. As noted in previous examples, decisions that must 
be made prior to the application of the method of the current 
invention to databases of this type include the choice of State 
variables used to Store the State of the System at a given point 
in time and the choice of time quantum used to temporally 
Separate the actions from the post-conditions. In this case, it 
should be noted that it is not necessary for the pre and post 
conditions to be equivalent (with respect to the choices of 
variables). These choices are left to those skilled in the 
domain of application. The time quantum chosen must, for 
example, be long enough for the actions to have had Some 
effect on the state of the system. 

0677 Possible uses of this invention include economic 
policy, crime-fighting and military Strategizing. 

0678 Given some set of variables to define the state of an 
economy (interest rates, inflation, GNP and so on) and a set 
of actions taken as part of the governing body's economic 
policy (issuing and buying back government bonds, etc.), we 
create a database of economic events of the form: existing 
econcmic State, fiscal policy measures taken and economic 
State following the policy decisions. The correlations found 
by the method of the current invention give a measure to the 
effectiveness of economic policy decisions, given a State of 
the economy. Such knowledge would be beneficial in decid 
ing economic policy as it would show historical Support (or 
the lack thereof) for a given set of decisions 

0679. In a similar vein, the use of the current invention to 
aid in Setting anti-crime policy Starts with the creation of a 
database of previous States of the community's crime, policy 
measures taken and the resulting State of crime in the 
community The State variables could include things like the 
rates for differing types of crime (breaking and entering, 
auto theft, etc.), differing characteristics of crime (i.e. 
whether or not handguns were used etc.) and So on. The 
action variables in this case could include Such things as 
minimum Sentencing guidelines for various crimes, “three 
Strike' laws, the adoption of the death penalty, as well as 
education and mental health funding. On Such a database, 
the invention would find correlations involving existing 
crime States, policy decisions and the outcomes of those 
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decisions. It is proposed that these correlations could prove 
an invaluable aid to those charged with making Such deci 
Sions 

0680 The concept of the “decision-maker' needs careful 
consideration in the domain of military Strategy. It may well 
be the case that there is not enough of a “track record” to fill 
a database with enough of a history of any one general's 
decision making. In Such a case, preferred implementations 
can extend the concept of the decision-maker to include all 
Similar decision-makers. AS an example, consider a single 
general commanding a tank division. If the general were 
recently promoted, one would be wise to consider all the 
history of all Such generals of the same allegiance. To 
increase further the granularity of the use of the method, the 
database could be filled with the decisions made by all 
infantry lieutenants rather than with those of any one lieu 
tenant. Correlations found would be indicative of the ten 
dencies of that class of generals given Some measure of the 
battlefield conditions faced when they made their decisions. 
Equally, one would be in a position to determine which 
battlefield situations they handled poorly because one has 
access to the outcomes of the decision Sets. Such knowledge 
could prove Vital to Selecting an opposing Strategy. 
0681 Steps involved in an application of the principles 
described herein to a database containing pre-condition, 
action and post-condition variables include: 

0.682) 1. Create the database of states and actions 
covering the chosen time quantum as described above. 
Where necessary, use methods known in the art to 
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transform continuous-valued State variables and action 
types into discrete State variables and action types. 

0683 2. Present this database, in whole or part, such 
that each State/action/state triple corresponds to one of 
M objects (rows) in a data matrix and So that each State 
Variable or action type corresponds to an attribute 
(column) of the data matrix. 

0684 3. Employ the base method or other embodiment 
described herein on the data matrix. 

0685 4 Direct the discovered correlated k-tuples of 
attributes to: 

0686. A graphical viewer or printer, or 
0687. A report for decision-makers, or a report 
generation System, or 

0688. Another computer program that will use the 
correlations found as a basis for making decisions 
(for example, a case-based reasoning package), or 

0689 Another computer program that performs 
Some transformation or optimization on the database. 

0690. It will be understood by those skilled in the art that 
this description is made with reference to the preferred 
embodiment and that it is possible to make other embodi 
ments employing the principles of the invention which fall 
within its Spirit and Scope as defined by the claims on the 
pages following Appendices A through E attached hereto, 
which Appendices form a part of this description. 
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APPENDIX A 

per) version of Evan Steeg's Coincidence Detection Algorithm, File coincipl: If 15 
f here applied to data, which comes in rows and columns of ascii 
symbols. Used first for tests on artifical and reali (HIV) 
protein sequence data. 

it arch 995 

it if f : . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 

Stiny_num 2 0.000001; 

Sfact () = 1; 
Sfact (1) = 1; 
Sfact2 = 2; 
Sfact 3 as 6; 
Sfact 4 = 24; 
Sfact (5) = 120 
$fact t6 = 720; -- 
Sfact (7) = 5040 
Sfact 8 is 40320; 
Sfact 9 = 3.62880; 
Sfact (1,0) = 3.628800; 
Sfact ill = 399, 6800. 

Sub compare 

lf (Sa < Sb) 

Sr = -1; 

elsif (Sa F = Sh) 
{ 

S is 

else 

S = 1; 

print a : Sa, b : So, r: Sir Win; 

return Sr: 

Sub cougaa 

my Sai. Scil, Sa2, Sc2, Sir) : 
my (Sc. Sc2): 

Sal = substr Sa (), l: 
substr Sa l; 1. 

Sa2 s substr Sh, 0, l; 
Sc2 is substr Sb, i. 

if Sci < Sc2) 

elsif (Scl == Sc2) 
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} File coincipl; 2d 15 
return Sri 

calc the factorial of a nuclber. Want n) 
for now, it's just easier and faster to hard code them into a table 

sub factorial 

rty (Sn) = 2; w 

it print n : Sinn 

if Sn > at 0 && Sn K - il 

return Sfact (Sn); 

else 

print ERROR: in larger than max defined factoral requested. (Sn) Win", 
exit to); 

it calc the binomal coeff. want r (number of iterations) and t ( 
if observed number of hits 
Sub binomial coeff 

my (Sr, Sh) = 3; 
print r: Sr. h. Sh\n"; 

Sir E & factorial (Sr) ; 
St & factoral Shi 
Srf - & factoriai (Sr - Sh) }; 

print rf: Srf, hE : Shf rh f : Srh f \n. 

return ( Srf (S.5 Shf) ; 

calc the cherroff. want (Sobserved. Sexpected. S: , STl) 
sho cheroff 

Ety (Sobserved. Sexpected, Srl, S.T.) = 3; 

Sdiff F Sobserved - Sexpected; 
Sdiff sq s Sdiff Sdiff: 
Snunerator se 2.0 (0.0 - Sdiff sq) ; 
Scenotinator se STi ' ( Srl Srl) ; 
return (exp (Snunerator / Scienominator) . 

calc the ith puwer of a number. NOTE: this thing can only grok 
positive integer exponents larger than 0. 

Sut pow 

s 3: rty (Si, Sp 

if (Sp < 0 Sp = int (Sp) } 

print ERROR: I can only grok positive integer exponents larger than Otwin": 
exit (0 : 



US 2003/007.4142 A1 Apr. 17, 2003 
44 

for (St. I O; Sn K Sp; Sn++} 

if print i : Si, p: Sp, a : Savin; 
return Sa; 

want (Sr, Shi, Sc element), cset and aasltes assumed as global 
sub prob coincidence 

my (Sr, Sh, Scelement} = 2; 
ray eelerrents 

if (Sir > 0) 

O 
O 

Soint . 
Solnt neg 1. 

eaailst P. split /WA, Scelement; 
print "celelitent. Scelement, aallist. (daallist Win". 

foreach Saa (3aalist) 
( 

Solnt * - Saasites Saa) ; 
Soir trieg 0 - Saastes (Saa ; 

prl at 'aa: Saa, joint: Sjoint, joint-neg : Sol reneg \n; 

Sans r &binorial coeff (Sr, Sh) " &pow (Solnt, Sh) ' 
&pow (So integ ( Sr - Sh) 

Sans = &binomial coeff (Sr, Sh) " (Solnt Sh) 
(Soyntieg * * (Sr - Sh) }; 

} 
else 
( 

q print joint: Spoint, olnt-neg; Solnt-neg, ans: Sans win." 

return ( 0.0); 

return Sans; 
) 

sub expected size 

rty (Sr, Scelerrent) = 0, 

SSurn - C - O 

foreach Sh (l. , Sr. 

SSun +s (&probcoincidence (Sr, Sh, Sceletenth Sh; 
print "r: Sr. h. Sh, sura: SSurawn; 

return SSR; 

Sub probof correlation 
( 

ity (Scelement. Sh total obs, Sh expected total, Sr., ST) (3; 
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File coincipi: 4f Sh-expected total = &expected-size (S. Sc. element): pi: 4f 15 
Sch. = &chernoff (Shtotal obs, Shexpected total " ST), Sr. ST); 

return Sc; 

randomly select a list of 'sample-size' unique sequences 
# in the range frcra 0 to the number of rows in a farally 
want sample slize, family. 

Slib rsample family 

my SR = shift al; - 
my family = 3; 

my which rows, 3sainplied family, esampled rows); 

print "whichrows : " keys which rows, "Win"; 

# generate SR number of unlogue keys 
Sf a scalar 8 family, 
while (scalar (keys which rows) < SR } 
( 

S = rat (rand Sf); 
print randinum: SIWr"; 

Swhich rows (Sn) = 1; 

print which rows " ", keys which rows, "Win", 

pick out the corresponding sequence from the fatally list 
esampled rows 2 keys which rows; 
foreach Sline ( (sampled rows) 

push (Sarapled family, Sfamily (Silne; 

print "RSAMPLEWr"; 
Si = ); 
for each Sline (sampled farctly 

print Slire, " : " , 
S = SSarple-drows (S.; 
prlin. Sn, " : " , Sfatully Sn), win. 
S++; 
print "Silrievin; 

print RSAMPLE ENDwn" : 
exit (0); 

return 9sairplied family; 

return the nth colulun of an array 
want (Sn 9 array 

Sub column 

hift: 2. a 

print "COLUMN: Snvin"; 
foreach (4a) 

: { 
print "Swn; 

i ) 
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File coincipi: 5/15 go thru and append the nth element of each row in earray to Sco 
Scol e 
for each Sline (a 

Scol = Scol ... substr St line, Sn. ; 

print length Scol. " : Scoli, "Wn; 
print COLUMN END Wn; 

return Sco; 

find all occurrences of a character 'aa' in the nth column of the 
array sampled farully 

it want (Saa, Sn 3.sampled family 
sub find all 

ray Saa is shift (3. 
iny Sn = shift (a 
ity sapied family = 3, 
my (SbString, Scol) . 

print FINALL : Saa, Sr. Win"; 
k print. "012345678901234567890 win"; 

for each (&samplied family) 

print. "Swn; 
i } 

print JUMPENG TO COWn". 
Scol = & column (Sn 3.sarupledifa Illy), 
print GOT: Scol Wr, 

Sbstring = * , 
lf ( (lindex Scoli, Saa) is - i) if make sure Saa is found in Sco 

for (S) = 0: Si g length. Scol. Sir + 
t 

Sc is substr Scol. Si, l; 
lf (Sc eq Saa) 

Stostriling = Stos trig . "l". 

else 

Sbstrling a Sbstring . C": 
} 

eise 

Sbstring = NOT FOUND": 
} 

print “Sostring Vt. 
print FIND ALL ENDWn" : 
exit (0); 

Return Sibstring. 

this subroutine isn't exactly the most optirai code, but 
sub m. 



US 2003/007.4142 A1 Apr. 17, 2003 
47 

File coincipl: my Scoli, Scol2, Sm3 = 3; pl: 6715 
Ray (SSl, Ss2. Srow, Spl. , Sp2, Sp3. Sal, Sa2, SS, S), Scontrib. Stotal), 

SS1 a column (Scoli (fatally) ; 
Ss2 2s column (Scol2, 3 family; 

print "coll: Scoli, Ss). Win"; 
print "coi2: Scol.2, Ss2\n"; 

print keysl: * , keys its), "Win", 

calc the joint prob 
for Sow (C) . . Sin 

Sai 
Sa2 

substr SSl, Srow l, 
substr Ss2, Srow, i. 

$s a Sal . Sa2. 

lf (exists SS (SS}} 

Ss: Ss} ++: 

else 

Sisi (Ss = 1 : 
} 
print al: Sal, a2 Sa2... s. $s \n", 

} 
e print keys 2 keys is, "Win", 

for each SS (keys its ) 

$s (SS) = $s ($s Sm, 

if (SS) (SS K St.ny nura) 

SS) (Ss) = St. lny nur, 

print Ss. SS (SS) Wri, 

Stotal = } 
foreach SS (keys is 
t 

Sal 2 substr SS. O., l; 
Sa2 = slost : SS, l l ; 

findi partial probs 
Sai as Sal . Scoll; 
Sa2 ... Sa2 . Scol.2: 

$p at SS (SS); 
Spl = as lites (Sal 
Sp2 = Saasites (Sa2); 

lf Spl - Stiny nura) 

Spl = Stiny_nvira, 

if (Sp2 < Stilny num) 

Sp2 = Stelnyth: 
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File coi lf Spi K Stiny num) ile coincipl; 7/15 
w 

Spij = St.ny num; 

Scontrid E. Sp. log (Sp (Spl Sp2) ; 
Stotal -- Scontrib; 

print ai : Salt, a2: Sa2 s ss, p: Spi, pl.: Sp1, p2: Sp2, contrib: Scontrib, total. : Stota 

return Stotal; 

sub niclidence vec 

iny Scol. Skey is . s 

ity Svec } : 

Svec = " 
lf index Scol, Skey = -1) 

for S. O. . . . ength. Sco - ) 

Sc = substr Sco. S. . . . 
if (Sc eq Skey) 

Swec = Swed . . . ; 

else 

Svec = Svec - "0", 

else 

Svec = "NOT FOUND", 
} 

return Svec, 

given two colurns, go through each lette the alphabet and 
generate the incidence vector for them... then if the results are 
non-zero. send them to Tl2-rea for the reri computations 

sto Tl2 

Y (Scoll Sco.2, SL = ; 
ity Ssil, Ss2. Skeyi. Skey2. Stotai, Ssum : 

Ss court: (Scol, 9 family; 
Ss2 = colulu (Scol.2, 8 family: ; 

Ssult = 0. O: 
foreach Skeyl keys salphabet) 

Svecil, R incldierce vec (Sgl, Skey. 

lf Svecine "NOT FOUND 

foreach Skey2 (keys alphabet) 



US 2003/0074142 A1 Apr. 17, 2003 
49 

File coincipl: 8/15 
Svec2 = incidence vec Ss2. Skey2): 

if Svec2 ne NOT FOUND } 

Stotal 2 mi2 real (Svecil, Swec2. Sm) ; 

print s1 : Ssili 
print vecis Svecil Wn. 
print s2 : Ss2; 
print vec2: Svec2 W.", 

lf Stotal - ... O 

printf inl2, cols: id., d key : Skeyl F key2: Skey2 total : .9f Vn, is 
SSum + Stotal; 

ra 

} 
split total stra: Ssa; 

Given two columns (the actual string of a mino acid symbols), 
# produce all combinations (pairs) of attr., attr2, where attrl is 

an incidence vector for a syribol occurrig in coll, and 
likewise for attr2 fron col2. Then call m2 on the pair 
of incidence vectors. 

Compute mutual info (attrl attr2) where attrl are binary incidence 
vectors for two alcoli, a 23-col2. 

slab ra.2 real 
my (Sattl. Satt 2. Sila) = 3; 
ity (Sa Sal, Sa2, Ss. Sp0, Spi, Spi, khash singlel, khash-single2. 

Stotal hash on th; 

for Sow O - St-l 

Sal E substr Satt, Srow, l. 
Sa2 Stbstr Sattr2, Slow : 

Ss a Sal Sa2; 

print row: Srow, il: Sal, a2 : Sa2 s : SSwn"; 

lf (exists Shash single Sal) ) 

Shasis lingei (Salih - 4: 

else 

Shash single (Sal) - , , 

if exists Shash single2 (Sa2}} 

Shash single2 Sa244: 

else 

Shash single2 Sa2 = . ; 



US 2003/0074142 A1 

print s : Ss, h : 

prit a : Sa his : 

print a ; Sa. 

50 

if exists Shashioint (SS) 

Shash joint (Ss ++: 

else 

Shashornt (SS} = i ; 

Shash joint (Ss = Shash joint (SS) / Smi 

{ 
Shash single Sai = Shash single Sal) Sm; 

Shash singlel (Sa) 

for each Sa keys hash single2) 

Shash single2 (Sai 

foreach SS (keys hashiot) 

Sal = substr Ss. O. l; 
Sa2 = substr Ss, 1 
Sp) = Shash joint (Ss 
Spl = Shash single (Sat) ; 
Sp2 = Shash singie2 Sa2); 

lf Spl & Stiny nun) 

Spi I. Stiny num; 

t Sp2 < Stiny num) 

Sp2 = $tiny num; r 

it (Sp) < Strynura) 

Sip F Stilny Ilult: 

foreach Ss (keys shash joint 

if Shash joirit Ss. C. Stiny num) 

Shashioint Ss) as Stiny nun; 

Shash point (SS) win: 

foreach Sa (keys hash singlel) 

..f. (Shash singlel (Sa) < Stilny nut) 

Stilnyuu: 

Shash single1 Sayn; 

rt Shash single2 f$a) Sta; 

if (Stash single2 (Sa K Stilny num} 

Shash-surgie2Sai = $tiny nuta 

his 2: Shash single2Sai W. 

Apr. 17, 2003 
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File coin Stotal + F (Spij log (Spj (Spl Sp23) ) ; 

return Stotal; 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . if 

check to make sure a file name was given 
if (scalar eRGW is 43 

print usage; SO data-file sample-size literations min-freq\n", 
exit; 

} 

Sfilename = SARGV 01: 
SSariple-size it SARGWill; 
Siterations - SARGW2; 
Smin freq = SARGV3 ); 

read contents of file into array faraily 
open (f)ATAFILE S fliename); 
2 farctiiy = <DATAFILE-; 

chop fatally; 

remove inlal's -, -, and delimiters 
family = grep ( : A W+/, 3 family); if get rid of llnes beginning with " + 

for each family) & remove all s 
( 

...) 

familly = grep ( /*W w/ , efarily); 

for each (2 family 

rint "SVn; 
it) 

while (length. Sfartilly scalar farthy} - l. g . ) 
( 

: print "Empty line: , scalar 3 fauly. deleted. Win, 
pop (faruiy; 

: 

Si it ), 
for each (3 fally) 

print "Si; SV ; 
Si++ 

f 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . A k . . . . . . . . . . ; R. . . . . 
NOW for the real stuff 

print Sataples lze: Ssample-size \n": 
print "iterations : Siterations win: 
print "Minifre : Sainfreq\n; 

construct aaslte list 
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$n = i.ength Sfamily(0); File coincip 
Sa e scalar 8 family; 
foreach Strow (3 farally 

for S) (0... (Sn - } } 

Sc = substr Srow, SJ, l: 
if (liength Sc a l) 
( 

print BUG i ! Srow SWn". 
exit; 

print Sline: Si:ScWn"; 
Si = S ; F + l; 
SS = Sc . Si: # create aasite nate 

print c : Sc i: Si l ; Si s : SS Wn": 

if (exists Saas lites (SS) 

Saasites (Ss) + +, 
} 
telse 
{ 

Saasites (SS} = 1; 

figure out the alphabet 
ea = keys saastes; 

it print (2a, "Win", 
for each (aa) 

. . 
print S : Saaslites (S. v It : 

for each Sentry (keys aas tes 

SC a substr Sentry (, l, it want the flirst charactex lin, each entry 
prlint. Sc, " , ; 
Salphabet Sc = l; 

} 

print keys alphabet, "Win", 

calc marginal probabilities for each cousin of aasites 
for each Skey (keys kaasites) 

Sp e Salasites (Skey} f Sia; 
SaaSites (Skey - Sp; 
print Skey : SpVn ; 

for Scoli (O. . Sn-2) 

for Scol2 ( (Scoli -- . . . ( Sr-i. ) 

Sr. s r. Sco. Scol2. Sta; 
print columns : , Scol + . . . . " Scol2 + . . . . a. s. Sin Win" 

Sai2 = m2 (Scoll, Scol2, Sm; in-ght as well do m2 while we're here 
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Fie flexit: 

MAN LOOP 

it seed the randota number generator 
Sseed e ill; 

its rand Sseed); 
Srand { }; 

iF remove Sseed) to get seed from the system clock 

print START MAIN LOOPWn; 

for tSiters(); Sitar < Siterations; Siter++) 

ruly $BNS: 

i print WinTERATION: Siter Win"; 
print STDERR ITERATION: Si tervin': 

print JUMP TO rsamplie family Win"; 
esampled-family = &rsample family Ssample-size, (farily), 

print sarupe size: Ssamplies. Zewn" : 
pilt 0.234567890-123456789 (wn", 
Si = 0; 
foreach (2sarupled family 

print S : S. Wrl 
S++; 

} 
print "rsample printed Wn'; 

foreach Saasite (keys saash, tes 

substr Saaslte O. l. Saa 
substr Saasite, l: Scol nun 

i. print aa: Saa, collinura: Scol nurt\n". 

Soccurencestring r & flrd-ali (Saa. Scol run, a sampled family, 
prElt Soccurrencestrig. "Win", 
if (Soccurencestring ne NOT FORJNE' } 
( 

print FOUND occ str Soccurencestraig Wn. 
if (exists SBINS (Soccurrencestring}} 
( 

SBNS (Soccur "ncestring) = SBINS (Soccurencestring 
Saasite . " " : 

else 

r SBINS (Soccurercestring) = Saasite - 

foreach (keys BINS) 

print S: SBINS (S - Wn. 
} 

sort the collision list associated with each BIN and throw away 
entries with just one "coil-slon" 

foreach Sblin keys BNSY 
{ 



US 2003/0074142 A1 Apr. 17, 2003 
54 

ity attalist; Fl 

SS = SBNS (Sir) ; 
print Ss, . Wit; 
gaalist is split /\ f, Ss: 
Si = 0; 
for each aaast 

print Si: Syn"; 

if (scalar 9aalist) - i) throw away single collisions' 

if then sort the others 
Ssortedaaist = join sort compaa gaalist; 

Ssorted aalist s join sort 8aallist; 
print "sorted aast : SSorted aal styn" : 

SBINS Shin) = S sorted aallist; 

else 

i print chucked Wt: 
delete SBINS (Sbin} : 

print "SORTED BINSWr", 
S2 a 0; 
for each keys BINS) 

print "Sz: S: SBNSS Wil, 
SE - 

now we update the cset table 
foreach Sblin (keys BNS) 

Scourt s (); 
Suit up blin hits; sarples.2e should equal length of blins 

for (Sir); Si K Ssamples. ze; S ++) 

SC 2 substr Sbin. Sl. 1 : 
if (Sc ec ". . 

Scout + 4 ; 

Skey - SBINS Sbn 
: print tset key: Skey Win; 

if exist Scset Skey}} 

Scset. Skey) + r. Scount, 

else 
( 

Scott; Scset (Skey) 

print "CSETwn: 
Sz, a 0; 
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foreach (keys icset) F 

print Sz: S: Scset (SWr 
Sz++: 

} 

print Siter, BINS : " scalar keys BINS, " " : 
print "CSETS: , scalar keys &cset, "Wn; 

print STOERR BINS : " , scalar keys BINS, Win"; 
print STDERR CSETS: , scalar keys kcset, "Win"; 

print CSETS: , scalar keys tcset, Wn; 

print "WWE Gathering stats. Wr"; 

foreach Sentry (keys scset} 

Sh, total obs - Scset (Sentry; 
Sh-expected total E &expected slze (Ssample size, Sentry), 
Scorrelation = &prob of correlation (Sentry, Shtotal obs, 

Shexpected total, 
SSample-size. 
Sterations) ; 

lf (Scorrelatilon - 0 000000001} 

Scorrelatilor = 0 - 0: 

lf Shtotal obs > - Smin freq} 

this is a weelly ugly hack to prevent hash key collisons 
Sh. = Shtotal obs; 
while (exists Soutput (Shi) ) 

Sh as Sh. . . . ; 

print " \r Entry Sentry Win", 
print Obsrv hilts: Shtotal obs, n' 

f print f 'Expct hilts. . .9f Win", Sh-expected total S. terations, 
print f 'Prob corr.. $.9fX, Scorrelation: 
Soutput (Sh (0) = Sentry, 
Soutput? Shill F Shtotal obs; 
Soutput (Shi) (2) = Sh-expected total Slterators; 
Soutput (Shi) (3) = Scorrelation; 

} 

hits = keys &output; 
hits a sort compare 3 hits: 
9hits = sort eats; 

for each (g probs 
( 

print Swin; 

print SORTEDwn 
foreach Sht (a hits) 

rty (9aallist) ; 

S = Tiex Shit, "" ; 
f ( S) = -l) 
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Sh Substr Shit, O, index Shit "" ) ; : 
Ss is Soutput Shit) 0): 
8aalist = split: ? \ . . Ss; 
foreach 8aa list) 

Saa Substr S..., 0, 1 ; 
Scol num as substr S. i ; 
S = Saa . (Scolinum + 1); 

Ss - on " " sort compaa 8aaist; 

print * \nentry : "... Soutput Shit} (0) “Yn"; 

Sobserved a Soutput (Shit? (l; 
Sexpected = Soutput (Shit} 2); 
Sprob = $output (Shit) (3), 

f (Sexpected C S observed & & Sprob K. 0.5) 
( 

print WnEntry : " , Ss, Wr 
print "Obstv hits : " , Soutput Shit) 1. Win"; 
print f "Expect hits : . .9f Win Soutput Shilt 2. 
printf Prob corr ; it - 9f Win", Soutput (Shit 3. 
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APENX D 

Sfrn = SARGWO); 

open IN. S. fan); 
prob = <IN>; 
chop prob; 
close (IN) ; 

(prob at grep for A. (prob) ; 

open (TEMP, "> probsort. temp; 

foreach (8 prob) 

print TEMP SVr"; 

close (TEMP); 

exit: 

Sfa = Sfm . . prob"; 

# print frn - S frnwn." 

"sort -o prob. trup - 1234567890. -9 probsert temp', 
rt probsor t. terrap. ; 

open (IN, prob trap. ; 
3n2 = c N2 
chop m2; 
close t) : 

r prob. trap. ; 

open TEMP. Y S fit y : 

Stotal = scalar 9.2: 
Si = 0: 
foreach (3m2) 

print TEEP "3ci .2f syn. S. (St. Stotal, S., 
Slrt: 
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1. A coincidence detection method for use with a data Set 
having a number of attributes, the method comprising the 
Steps of: 

representing a set of M objects in terms of a number NA 
of variables (“attributes”), where an attribute is said to 
occur in an object if the object possesses the attribute; 

Sampling a Subset of r out of the M objects, for each 
iteration among a predetermined number of iterations, 

detecting and recording coincidences among Sets of k of 
the attributes in each Sampled Subset of objects, a 
coincidence being the co-occurrence of 1sk sna 
attributes in the same h; out of r objects in the Sampled 
Subset, where 0s his r, 

determining an expected count of coincidences for any Set 
of k attributes and a predetermined number of iterations 
of Sampling and coincidence-counting as described 
above, the determining being performed before Sam 
pling and collecting, at the same time or after Sampling 
and collecting, 

comparing, for any set of k attributes and number of 
iterations of Sampling and coincidence-counting, the 
observed count Versus the expected count of coinci 
dences, and from this comparison determining a mea 
Sure of correlation (or association, or dependence) for 
the set of k attributes; and 

reporting a set of k-tuples of correlated attributes, where 
a k-tuple of correlated attributes is a set of k of the NA 
attributes which have been determined by this process 
to have a value for a chosen correlation measure above 
a predetermined threshold value. 

2. A coincidence detection method for use with a data Set 
of objects having a number of attributes, the method com 
prising the Steps of 

Sampling a Subset of the data Set for a predetermined 
number of iterations, each iteration the Sampled Subset 
of the data Set having for each object the Same Subset 
of attributes, detecting, and recording counts of, coin 
cidences in each Sampled Subset of the data Set, a 
coincidence being the co-occurrence of a plurality of 
attribute values in one or more objects in a Sampled 
Subset of the data set, where the plurality of attribute 
values is the same for each occurrence, the detecting 
and recording counts of coincidences in each Sampled 
Subset of the data Set being performed before, at the 
Same time or after Sampling, detecting and recording 
counts of coincidences in other Subsets; 

determining an expected count for each coincidence of 
interest, the determining being performed before, at the 
Same time, or after Sampling, detecting and recording, 

comparing, for each coincidence of interest, the observed 
count of coincidences versus the expected count of 
coincidences, and from this comparison determining a 
measure of correlation for the plurality of attributes for 
the coincidence; and 

reporting a set of k-tuples of correlated attributes, where 
a k-tuple of correlated attributes is a plurality of 
attributes for which the measure of correlation is above 
a respective pre-determined threshold. 
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3. The coincidence detection method of claim 2, wherein 
the comparison of observed and expected counts is calcu 
lated using a Chernoff bound on tail probabilities. 

4. The coincidence detection method of claim 2, wherein 
the counts are recorded by Storing a running total of the 
count of each coincidence over all of the Sampled Subsets 

5. A method for visual exploration of a data set of objects 
having a number of attributes, the method comprising the 
Steps of. 

Sampling a Subset of the data Set for a predetermined 
number of iterations, each iteration the Sampled Subset 
of the data Set having for each object the Same Subset 
of attributes; 

detecting, and recording counts of, coincidences in each 
Sampled Subset of the data Set, a coincidence being the 
co-occurrence of a plurality of attribute values in one or 
more objects in a Sampled Subset of the data Set, where 
the plurality of attribute values is the same for each 
occurrence, the detecting and recording counts of coin 
cidences in each Sampled Subset of the data Set being 
performed before, at the same time or after Sampling, 
detecting and recording counts of coincidences in other 
Subsets, 

determining an expected count for each coincidence of 
interest, the determining being performed before, at the 
Same time, or after Sampling, detecting and recording, 

comparing, for each coincidence of interest, the observed 
count of coincidences versus the expected count of 
coincidences, and from this comparison determining a 
measure of correlation for the plurality of attributes for 
the coincidence; and 

reporting a set of k-tuples of correlated attributes to a user 
through a graphical interface, where a k-tuple of cor 
related attributes is a plurality of attributes for which 
the measure of correlation is above a respective pre 
determined threshold. 

6. A pre-processing method for use with a data modelling 
unit to capture and report to the data modelling unit higher 
order interactions of a data Set of objects having a number 
of attributes, the method comprising the Steps of Sampling a 
Subset of the data Set for a predetermined number of itera 
tions, each iteration the Sampled Subset of the data Set having 
for each object the same Subset of attributes, 

detecting, and recording counts of, coincidences in each 
Sampled Subset of the data Set, a coincidence being the 
co-occurrence of a plurality of attribute values in one or 
more objects in a Sampled Subset, where the plurality of 
attribute values is the same for each occurrence, the 
detecting and recording counts of coincidences in each 
Sampled Subset being performed before, at the same 
time or after Sampling, detecting and recording counts 
of coincidences in other Subsets, 

determining an expected count for each coincidence of 
interest, the determining being performed before, at the 
Same time, or after Sampling, detecting and recording, 

comparing, for each coincidence of interest, the observed 
count of coincidences versus the expected count of 
coincidences, and from this comparison determining a 
measure of correlation for the plurality of attributes for 
the coincidence; and 
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reporting to the data modelling unit a set of k-tuples of 
correlated attributes, where a k-tuple of correlated 
attributes is a plurality of attributes for which the 
measure of correlation is above a respective pre-deter 
mined threshold. 

7. A correlation elimination method for use with a data set 
of objects having a number of attributes, the method com 
prising the Steps of. 

Sampling a Subset of the data Set for a predetermined 
number of iterations, each iteration the Sampled Subset 
of the data Set having for each object the Same Subset 
of attributes; 

detecting, and recording counts of, coincidences in each 
Sampled Subset of the data Set, a coincidence being the 
co-occurrence of a plurality of attribute values in one or 
more objects in a Sampled Subset of the data Set, where 
the plurality of attribute values is the same for each 
occurrence, the detecting and recording counts of coin 
cidences in each Sampled Subset being performed 
before, at the same time or after Sampling, detecting 
and recording counts of coincidences in other Subsets, 

determining an expected count for each coincidence of 
interest, the determining being performed before, at the 
Same time, or after Sampling, detecting and recording, 

comparing, for each coincidence of interest, the observed 
count of coincidences versus the expected count of 
coincidences, and from this comparison determining a 
measure of correlation for the plurality of attributes for 
the coincidence; and 

eliminating a set of k-tuples of correlated attributes, where 
a k-tuple of correlated attributes is a plurality of 
attributes for which the measure of correlation is above 
a respective pre-determined threshold. 

8. The method of claim 2, wherein the objects are sales 
transactions, each transaction comprising one or more pur 
chased products, and the attributes are instances of Sale of 
particular products or types of products. 

9. The method of claim 2, wherein the objects are time 
Slices and the attributes are the Status of elements in a 
System. 

10. The method of claim 2, wherein the objects are time 
Slices and the attributes are prices, or price changes of, 
financial instruments or commodities. 

11. The method of claim 2, wherein the steps of the 
method are represented by the following pseudo-code 

0. begin 

1 read (MATRIX), 
2. read (R, T); 
3. compute first order marginals(MATRIX); 
4. Csets :={}; 
5. for iter = 1 to T do 

6 sampled rows :=rsample(R, MATRIX): 
7. attributes :=get attributes(Sampled rows); 
8. all coincidences :=find all coincidences(attributes); 
9. for coincidence in all coincidences do 
10... if cSet already exists(coincidence, cSets) 
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11. then update cSet(coincidence, cSets); 
12. 

13. 

14. 

15. 

16. 

17. 

18. 

19. Stats :=update Stats(cset, 
observed)); 

20. end for 

else add new cSet(coincidence, cSets); 
endif 

endfor 

endfor 

for cSet in cSets do 

expected :=compute expected match count(cSet); 
observed :=get observed match count (set); 

hypoth test(expected, 

21. print final Stats(csets, stats); 
22. end. 
12. A coincidence detection System for use with a data Set 

of objects, each object having a plurality of attributes, the 
System comprising: 
means for Sampling a Subset of the data Set for a prede 

termined number of iterations, each iteration the 
Sampled Subset of the data Set having for each object 
the same Subset of attributes, 

means for detecting, and recording counts of, coinci 
dences in each Sampled Subset of the data Set, a 
coincidence being the co-occurrence of a plurality of 
attribute values in one or more objects in a sampled 
Subset of the data set, where the plurality of attribute 
values is the Same for each occurrence, the detecting 
and recording counts of coincidences in each Sampled 
Subset being performed before, at the same time or after 
Sampling, detecting and recording counts of coinci 
dences in other Subsets, 

means for determining an expected count for each coin 
cidence of interest, the determining being performed 
before, at the same time, or after Sampling, detecting 
and recording; 

means for comparing, for each coincidence of interest, the 
observed count of coincidences versus the expected 
count of coincidences, and from this comparison deter 
mining a measure of correlation for the plurality of 
attributes for the coincidence, and 

means for reporting a set of k-tuples of correlated 
attributes, where a k-tuple of correlated attributes is a 
plurality of attributes for which the measure of corre 
lation is above a respective pre-determined threshold. 

13. The coincidence detection system of claim 12, 
wherein the means of the System in the aggregate carry out 
a method represented by the following pseudo-code: 

0. begin 

1 read (MATRIX), 
2. read (R, T); 
3. compute first order marginals(MATRIX); 
4. Csets :={}; 
5. for iter = 1 to T do 

6 sampled rows :=rsample(R, MATRIX): 
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7. attributes :=get attributes(Sampled rows); 
8. all coincidences :=find all coincidences(attributes); 
9. for coincidence in all coincidences do 
10... if cSet already exists(coincidence, cSets) 
11. then update cSet(coincidence, cSets); 
12. 

13. 

14. 

15. 

16. 

17. 

18. 

19. Stats :=update Stats(cset, 
observed)); 

20. end for 

else add new cSet(coincidence, cSets); 
endif 

endfor 

endfor 

for cSet in cSets do 

expected :=compute expected match count(cSet); 
observed :=get observed match count (set); 

hypoth test(expected, 

21. print final stats(csets, Stats); 
22. end. 
14. The coincidence detection System of claim 12, 

wherein the means for Sampling a Subset of the data Set 
comprises means for dividing the data Set into Subsets for 

Sampling. 
15. The coincidence detection system of claim 14, 

wherein the means for detecting and recording counts of 
coincidences comprises an array of processing nodes, each 
processing node detecting and recording a respective Sub 
count of coincidences, and wherein the means for compar 
ing, for each coincidence of interest, Said observed count of 
coincidences to Said expected count of coincidences com 
prises means for merging Said Subcounts to provide Said 
observed count. 

16. The coincidence detection system of claim 15, 
wherein at least one of Said processing nodes comprises a 
respective Subarray of processing nodes that detect and 
record respective SubSubcounts of coincidences, and 
wherein Said means for merging merges Said SubSubcounts 
to provide Said Subcounts and/or said observed count 

17. The coincidence detection system of claim 15 or 16, 
wherein each processing node comprises memory including 
an input buffer for Storing received Subsets of the data Set 
and an output buffer for storing the subcount or the SubSub 
count; and a memory bus that transferS data to and from the 
memory. 

18. Coincidence detection programmed media for use 
with a computer and with a data Set of objects having a 
number of attributes represented in a matrix of objects 
Versus attributes, the programmed media comprising: 

a computer program Stored on Storage media compatible 
with the computer, the computer program containing 
instructions to direct the computer to: 
Sample a Subset of the data Set for a predetermined 
number of iterations, each iteration the Sampled 
Subset of the data Set having for each object the same 
Subset of attributes; 

detect and record counts of coincidences in each 
Sampled Subset of the data Set, a coincidence being 
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the co-occurrence of a plurality of attribute values in 
one or more objects in a Sampled Subset of the data 
Set, where the plurality of attribute values is the same 
for each occurrence, the detecting and recording 
counts of coincidences in each Sampled Subset being 
performed before, at the same time or after Sampling, 
detecting and recording counts of coincidences in 
other Subsets, 

determine an expected count for each coincidence of 
interest, the determining being performed before, at 
the same time, or after Sampling, detecting and 
recording; 

compare, for each coincidence of interest, the observed 
count of coincidences versus the expected count of 
coincidences, and from this comparison determine a 
measure of correlation for the plurality of attributes 
for the coincidence, and 

report a set of k-tuples of correlated attributes, where a 
k-tuple of correlated attributes is a plurality of 
attributes for which the measure of correlation is 
above a respective pre-determined threshold 

19. Coincidence detection system for use with a data set 
of objects having a number of attributes, the System com 
prising: 

a computer; and 

a computer program on media compatible with the com 
puter, the computer program directing the computer to: 

Sample a Subset of the data Set for a predetermined 
number of iterations, each iteration the sampled 
Subset having for each object the same Subset of 
attributes, 

detect, and record counts of, coincidences in each 
Sampled Subset-of the data Set, a coincidence being 
the co-occurrence of a plurality of attribute values in 
one or more objects in a Sampled Subset of the data 
Set, where the plurality of attribute values is the same 
for each occurrence, the detecting and recording 
counts of coincidences in each Sampled Subset being 
performed before, at the same time or after Sampling, 
detecting and recording counts of coincidences in 
other Subsets, 

determine an expected count for each coincidence of 
interest, the determining being performed before, at 
the same time, or after Sampling, detecting and 
recording, 

compare, for each coincidence of interest, the observed 
count of coincidences versus the expected count of 
coincidences, and from this comparison determine a 
measure of correlation for the plurality of attributes 
for the coincidence, and 

report a set of k-tuples of correlated attributes, where a 
k-tuple of correlated attributes is a plurality of 
attributes for which the measure of correlation is 
above a respective pre-determined threshold. 

20. The coincidence method of claim 2, further compris 
ing the Step of representing the objects and attributes in a 
matrix of objects verSuS attributes prior to Sampling the data 
Set, the data Set being Sampled by Sampling the matrix. 
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21. A product having a set of attributes Selected by: 
Sampling a Subset of a data Set representing objects verSuS 

attributes for a predetermined number of iterations, 
each iteration the Sampled Subset having for each object 
the same Subset of attributes, 

detecting, and recording counts of, coincidences in each 
Sampled Subset of the data Set, a coincidence being the 
co-occurrence of a plurality of attribute values in one or 
more objects in a Sampled Subset of the data Set, where 
the plurality of attribute values is the same for each 
occurrence, the detecting and recording counts of coin 
cidences in each Sampled Subset being performed 
before, at the same time or after Sampling, detecting 
and recording counts of coincidences in other Subsets, 

determining an expected count for each coincidence of 
interest, the determining being performed before, at the 
Same time, or after Sampling, detecting and recording, 

comparing, for each coincidence of interest, the observed 
count of coincidences versus the expected count of 
coincidences, and from this comparison determining a 
measure of correlation for the plurality of attributes for 
the coincidence, and 

reporting a set of k-tuples of correlated attributes, where 
a k-tuple of correlated attributes is a plurality of 
attributes for which the measure of correlation is above 
a respective pre-determined threshold. 

22. A product defined by applying a set of rules generated 
from: 

Sampling a Subset of a data Set representing objects verSuS 
attributes for a predetermined number of iterations, 
each iteration the Sampled Subset having for each object 
the same Subset of attributes, 

detecting and recording counts of coincidences in each 
Sampled Subset of the data Set, a coincidence being the 
co-occurrence of a plurality of attribute values in one or 
more objects in a Sampled Subset of the data Set, where 
the plurality of attribute values is the same for each 
occurrence, the detecting and recording counts of coin 
cidences in each Sampled Subset being performed 
before, at the same time or after Sampling, detecting 
and recording counts of coincidences in other Subsets, 

determining an expected count for each coincidence of 
interest, the determining being performed before, at the 
Same time, or after Sampling, detecting and recording, 

comparing, for each coincidence of interest, the observed 
count of coincidences versus the expected count of 
coincidences, and from this 

comparison determining a measure of correlation for the 
plurality of attributes for the coincidence, and 

reporting a set of k-tuples of correlated attributes, where 
a k-tuple of correlated attributes is a plurality of 
attributes for which the measure of correlation is above 
a respective pre-determined threshold. 

23. A method comprising: 

the method of claim 2, and the further step of: 
applying rules that are defined by the reported correlated 

attributes. 
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24. A peptide or peptidomimetic including a structural 
motif of the V3 loop of HIV envelope protien including 
spatial coordinates of residue A18/Q31/Hx. 

25. A pharmaceutical composition comprising a ligand 
that interacts with a protein having a Structural motif iden 
tified using the method of claim 2, and a pharmaceutically 
acceptable carrier or exicipient therefor. 

26. The pharmaceutical composition of claim 25, wherein 
the ligand comprises chemical moieties of Suitable identity 
and Spatially located relative to each other So that the 
moieties interact with corresponding residues or portions of 
the motif. 

27. The pharmaceutical composition of claim 26, wherein 
the ligand, by interacting with the motif, interferes with 
function of a region of the protein comprising the motif. 

28. An diagnostic agent comprising a ligand that interacts 
with a protein having a structural motif identified using the 
method of claim 2, and a detectable label linked to the 
ligand. 

29. A pharmaceutical composition for interacting with an 
envelope protein of human immunodeficiency virus (HIV), 
the envelope protein including a structural motif of the V3 
loop having spatial coordinates of residues A18/Q31/H33, 
comprising a ligand including at least one functional group 
that interacts with the motif, and a pharmaceutically accept 
able carrier or exicipient therefor. 

30. The pharmaceutical composition of claim 29, wherein 
the ligand includes at least one functional group capable of 
binding to and being present in an effective position in Said 
ligand to bind to residue 18, at least one functional group 
capable of binding to and being present in an effective 
position in Said ligand to bind to residue 31, and at least one 
functional group capable of binding to and being present in 
an effective position in Said ligand to bind to residue 33. 

31. A method of designing a ligand to interact with a 
Structural motif of an envelope protein of human immuno 
deficiency virus (HIV), the method comprising the steps of: 
providing a template having Spatial coordinates of residues 
A18, Q31 and H33 in the V3 loop of HIV envelope protein, 
and computationally evolving a chemical ligand using an 
effective algorithm with Spatial constraints, So that Said 
evolved ligand includes at least one effective functional 
group that binds to the motif. 

32. The method of claim 31, wherein the ligand com 
prises: at least one functional group capable of binding to 
and being present in an effective position in Said ligand to 
bind to residue 18, at least one functional group capable of 
binding to and being present in an effective position in Said 
ligand to bind to residue 31, and at least one functional group 
capable of binding to and being present in an effective 
position in Said ligand to bind to residue 33 

33. A method of identifying a ligand to bind with a 
Structural motif of an envelope protein of human immuno 
deficiency virus (HIV), the method comprising the steps of 
providing a template having Spatial coordinates of A18, Q31 
and H33 in the V3 loop of HIV envelope protein; providing 
a data base containing Structure and orientation of mol 
ecules, and Screening Said molecules to determine if they 
contain effective moieties Spaced relative to each other So 
that the moieties interact with the motif 

34. The method of claim 33, wherein a first moiety of the 
molecule interacts with residue 18, a Second moiety of the 
molecule interacts with residue 31 and a third moiety of the 
molecule interacts with residue 33. 
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35. Antigens and vaccines embodying the covarying 
k-tuples described herein. 

36. A product being defined by its interaction with a set of 
attributes Selected by: Sampling a Subset of a data Set 
representing objects verSuS attributes for a predetermined 
number of iterations, each iteration the Sampled Subset of the 
data Set having for each object the same Subset of attributes, 

detecting, and recording counts of, coincidences in each 
Sampled Subset of the data Set, a coincidence being the 
co-occurrence of a plurality of attribute values in one or 
more objects in a Sampled Subset, where the plurality of 
attribute values is the same for each occurrence, the 
detecting and recording counts of coincidences in each 
Sampled Subset being performed before, at the same 
time or after Sampling, detecting and recording counts 
of coincidences in other Subsets, 

determining an expected count for each coincidence of 
interest, the determining being performed before, at the 
Same time, or after Sampling, detecting and recording, 

comparing, for each coincidence of interest, the observed 
count of coincidences versus the expected count of 
coincidences, and from this comparison determining a 
measure of correlation for the plurality of attributes for 
the coincidence, and 

reporting a set of k-tuples of correlated attributes, where 
a k-tuple of correlated attributes is a plurality of 
attributes for which the measure of correlation is above 
a pre-determined threshold 

37. The method of claim 2, wherein the objects are 
compounds and the attributes comprise particular chemical 
moieties 

38. The method of claim 2, wherein the objects are 
peptides or proteins and the attributes comprise particular 
Structural or Substructural patterns or motifs. 

39. The method of claim 2, wherein the objects are 
Selected from the group consisting of compounds, molecular 
Structures, nucleotide Sequences and amino acid Sequences 
and the attributes are features of the Selected objects. 

40. The method of claim 2, wherein the objects are time 
Slices and the attributes are biological parameters of genes or 
gene products. 

41. The method of claim 2, wherein the objects are 
documents that are electonically Stored and/or electronically 
indexed and the attributes are topics. 

42. The method of claim 2, wherein the objects are 
customers and the attributes comprise products purchased or 
not purchased by those customers. 

43. The method of claim 42, wherein the attributes further 
comprise mailings made or not made to the customers. 

44. The method of claim 2, wherein the objects comprise 
products and the attributes comprise customers that have or 
have not purchased those products. 

45. The method of claim 44, wherein the attributes further 
comprise demographic variables of the customers 

46. The method of claim 2, wherein the objects are people 
with a particular disease or discorder and the attributes are 
potential contributing factors for the disease or disorder. 

47. The method of claim 2, wherein the objects are people 
with a number of different diseases or disorders and the 
attributes are potential contributing factors for the diseases 
or disorders. 
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48. The method of claim 2, wherein the objects comprise 
factors potentially contributing to a disease or disorder and 
the attributes are people with or without those factors, 
wherein the method associates groups of people of Substan 
tially equivalent risk for the disease or disorder. 

49. The method of claim 2, wherein the objects are time 
Slices and the attributes comprise the State of components in 
a System at time Slices prior to failure of the System, wherein 
the method associates component States that may potentially 
cause failure of the System. 

50. The coincidence detection method of claim 1, where 
r is the same for every iteration. 

51. The method of claim 2, further comprising the steps 
of first creating a database of transitions between System 
States, wherein a System State is represented by a value of a 
State variable, over a chosen time quantum, and presenting 
the database, in whole or part, as a data Set Such that each 
State to State transition Set corresponds to one of M objects 
and So that each State variable corresponds to an attribute. 

52. The method of claim 2, further comprising the steps 
of first creating a database of States and actions covering a 
chosen time quantum and presenting the database, in whole 
or part, as a data Set Such that each State/action/state triple 
corresponds to one of M objects and So that each State 
variable or action type corresponds to an attribute 

53. A coincidence detection method for use with a data set 
of objects having a number of attributes represented in a 
matrix of objects versus attributes, the method comprising 
the Steps of: 

Sampling a Subset of the matrix for a predetermined 
number of iterations, each iteration the Sampled Subset 
of the matrix having for each object the same Subset of 
attributes, 

detecting, and recording counts of, coincidences in each 
Sampled Subset of the matrix, a coincidence being the 
co-occurrence of a plurality of attribute values in one or 
more objects in a Sampled Subset of the matrix, where 
the plurality of attribute values is the same for each 
occurrence, the detecting and recording counts of coin 
cidences in each Sampled Subset being performed 
before, at the same time or after Sampling, detecting 
and recording counts of coincidences in other Subsets, 

determining an expected count for each coincidence of 
interest, the determining being performed before, at the 
Same time, or after Sampling, detecting and recording, 

comparing, for each coincidence of interest, the observed 
count of coincidences versus the expected count of 
coincidences, and from this comparison determining a 
measure of correlation for the plurality of attributes for 
the coincidence, and 

reporting a set of k-tuples of correlated attributes, where 
a k-tuple of correlated attributes is a plurality of 
attributes for which the measure of correlation is above 
a respective pre-determined threshold. 

54. The method of claim 1, wherein numerical correlation 
values are reported along with the Set of k-tuples of corre 
lated attributes. 


