
A COMPUTATIONAL, METHOD FOR PREDICTING INTRAMOLECULAR
AND  INTERMOLECULAR BIOPOLYMER INTERACTIONS
SPECIFICATION The appended source code, which is an
integral part of the  present  disclosure, includes a
listing of a computer program and related data
according to one  embodiment of this invention. This
appended source code constitutes a work in which
copyright subsists. The copyright owner has no
objection to the facsimile 10 reproduction of the
patent document or the present disclosure, as it
appears in. the  Patent and Trademark Office patent
files or records, but otherwise reserves all rights
therein whatsoever. BACKGROUND OF INVENTION 15
Projects aimed at the sequencing of entire genomes of
organisms can  provide detailed information which
could potentially lead to a better understanding of
the mechanisms of cell function. The area of research
often referred to as 'functional  genomics' and also
known as 'structural genomics' aims at deciphering the
wealth of  information contained in genome sequences
and at using that information to discover  20 the
mechanisms of cell function and disease pathology. At
present, there are three known approaches for
predicting  intramolecular biopolymer interactions
(including protein and RNA structures) which  include
(1) comparative modeling, (2) fold assignment or
threading and (3) ab initio  protein structure
prediction. See Sanchez et al., 2000, Nature
Structural Biology Nov. 25 2000, Suppl. 986-990. The
most detailed and, thus far, the most accurate
approach is  comparative modeling which involves fold
assignment, sequence-structure alignment,  model
building and model evaluation, See Sanchez et at.,
2000, Nature Structural  Biology Nov. 2000, Suppl.
986-990; U.S. Patent No. 5,436,850 of Eisenberg et
al.;  and U.S. Patent Nos. 5,557,535 and 5,884,230 of
Srinivasan el al. The fold 30 assignment or threading
approach assigns a fold to a target sequence by
aligning it  with the most: compatible known protein
structure from a set of alternatives. See  .loins,
2000, Current Opinion Structural Biol. 10:371-379;
U.S. Patent No. 6,125,331  of Toh; and U.S. Patent No.
5,878, 373 of Cohen ct al.. The ab initio approach WO
2004/027540  PCT/US2002/030656  



attempts to predict the native structure from only the
Sequence of the protein. See  Baker, 2000, Nature
405:3942 and U.S. Paten! No. 5,955,; 84 of Befuler.
The (71)  initio approach disclosed in U.S. Patent No.
5,958,7$4 is protein specific, biased, and  rule-based
and is discussed further below. The present invention
is directed to the ab  5 Milk) approach. Both the
comparative modeling approach and the fold assignment
or  threading approach. are limited in that they
require comparisons with folds of known  protein
structures to determine intramolecular interactions
and to determine an overall  three-dimensional
structure of a molecule, Since it is likely that
(:here are many 10 undetermined folds in the sequences
of genomes of various organisms, the  comparative
modeling approach and the fold assignment approach
will fail in  determining the structure and function
of many biopolymers, especially those with  completely
novel folds. Therefore, the ab initio approach may be
the only approach  applicable for many newly
determined sequences. However, the ab initio approach
15 has also not heretofore been generally applicable
since its results have been inaccurate  and the
presently available ab initio-type approaches are
limited to particular types of  biopolymers. The ab
initio approaches generally focus on attempting to
correctly assign. tertiary structure for protein
sequencess. The target for meaningful accuracy is
usually to achieve an RMSD (root mean standard
deviation) of at least 6 A, however  20 the best RMSD
achieved thus far is S A.. Jones, 2000, Current
Opinions in Structural  Biology 10:371-379. Based on
the failure to achieve an RMSD of less than 6 A, it
has  been argued that it is unlikely that the ab
initio approach will be a practical. tool with
sufficient accuracy for routine genome analysis. One
ab initio approach involves using the variations in
the sequence  25 space of related biopolymers to
predict interactions. The basic theory that underlies
this approach is as follows: Constant mutational
pressure acts at the DNA. level,  altering, DNA RNA
and protein sequences. "Silent" mutational events
account fir  the general variability found in
sequences, and have no effect on function.
Disadvantageous mutations, as the name implies, are
deleterious to function. If this 30 disadvantage is
significant enough, it may have an effect on the
organism at large and  the organism may be selected
against. however, a disadvantageous mutation may he
countered by a compensating mutation. For example, if
two regions of a protein must WO 2004/027540  bind
together for the protein to fold correctly, if one
region is changed by mutation, the protein may still
be able to fold if the other region is changed in a
such way as to 



compensate for the first mutation - e.g. if the first
mutation results in an increase in  size, the second
mutation might compensate by decreasing in size. 5
Given that many functions within a cell are necessary
for survival, there is a great deal of evolutionary
pressure to compensate for deleteriouos mutations. In
a set of related biopolymers with similar function,
for example, the protein myoglobin from different
mammalian species, there exists variation between the
sequences from a given species as well as between each
of the different species. The  10 majority of these
variations are the result of silent mutations.However,
some of these  mutations may be deleteriouos, but are
compensated for by another mutational event or
events. Thus, some variation is the result of
mutation-and-compensating-mutation, i.e.associated
mutations. Thus, the goal of methods that attempt to
utilize these mutation-and- 15 compensating-mutation
variations  can be defined as detecting non-random
associated  mutations from random silent mutations.
Because associated mutations occur., by  definition,
when function needs to be conserved., when a real
association Is detected-,  ipso facto, the association
is significant and important to function, In order to
best understand the previous methods and attempts In
this  20 field, it is helpful to first Introduce some
basic concepts and terminologies. First: a  sequence
alignment should be understood as a 2D matrix of
related sequences, in  which each column represents a
different position and each row a different. sequence.
Second.- characters (amino acids, nucleic acids, etc)
that occur at each position  represent the data for
that position. Thus., the goal of this type of ab
initio approach is 25 to detect which positions, by
using the data that appears at those positions,
contain  associated mutations. Third: ft should be
appreciated that the terms "correlation,"
"covariation," "correlated mutation," "coevolution,"
"association," "associated  mutations", "interaction"
are all. description of the same concept of
mutation-and compensating-mutation. Subtle differences
In meaning do exist, however. arid 30 therefore the
most generic terms "association" and "Interaction" arc
preferred for use  in connection with the method, WO
2404/1-127540 P CT/US2002/030656 The actual detection
of associated mutation can be conceptualized as
occuring in three generic processes: First, a list of
position combinations is  generated. Such combinations
denote possible interactions. Second, each possible
interaction (i.e. combination of positions) is
assigned a score based on a particular 5 mathematical
algorithm that analyzes the data at those positions.
Third, these scores 



are then screened to select the actual  interactions
(which are the predictions of the  method), from the
original list of merely possible interactions.
Previous methodologies discussed further below have
focused their  attention primarily on devising
different scoring algorithms, most of which are
biased.  10 Bias can be understood to signify any
preconceptions about how biopolymers and  their
constituent molecules interact. For example, it is a
preconception that negatively charged molecules
interact with positively charged molcules. Such biases
are often embodied as "rules" in the scoring process -
thus, data which fits a "rule" is accorded a score
different than data which does not. For this reason,
such methods are biased,  15 rule-based methods. Such
biased, rule-based methods work by the assignment of
numerical values to either each character (amino acid,
nucleic acid, etc) or each character combination. Such
methods, according to the terminology of statistics
are "non-catergorical" statictical methodologies. In
addition, all previous methods fail to recognize the
importance of 20 the screening process that follows a
given scoring process; all utilize some form of a
crude screen with inherent flaws. Furthermore, the
original sequence alignment that is used as input in
all methodologies ~willl have a critical effect Oil
the ability of ally method to make  accurate
predictions. Thus., the ability to evaluate the
quality of such input, as well as  to correct it , is
of immense value. No previously described method
possesses such an ability.  Finally, there are many
previously decribed methods that are merely
theoretical and that are applied to purely
hypopthetical , self created data sets.These are
relevant to work that applies methodologies to actual
genomic or proteomic 30. sequences. Keeping these
considerations in mind, previously described methods
in  the field of interaction prediction may be divided
into three groups: (1) protein- W() 2104/0275411
PCT/US2002/030656 specific, biased, rule-based scoring
methodologies; (2) biopolymer-general  methodologies;
and (3) miscellaneous methods. The major
protein-specific, biased, rule-based scoring
methodologies  are reviewed in Pollock et at., 1997,
Protein Engineering 10:647-657, which reviews  5 the
methods found in Neher, 1994, Proc.Natl. Acad. Sci.
USA 91:98-102; Gobel et al., 1994, Proteins: Struct.
Funct. (Tenet. 18:309-3 17; Taylor et al., 1994,
Protein  



Engineering, . 7:341-348. It is concluded that, "None
of the methods can identify truly  correlated sites
without including a large number of uncorrelated
sites." In addition to  their non-functionality, these
methods share the additional following
characteristics: 10 First, all require either
physiochemical descriptors or similarity matrixes for
amino  acids, and thus are protein-specific, biased,
rule-based approaches that preconceive  the nature of
molecular interactions. A possible deleterious
consequence is that each  position is allowed to
interact with another position according to only a
single type of  relationship. Second, all contain
crude screening processes. In Gobel et al. 1994, after
1.5 possible interactions (position combinations) are
scored, the actual interactions (the.  program's
predictions) are selected by simply taking the highest
L/5 scores, where L  is the length of the sequence.
This is similar to the method of Taylor et a!. 1994,
in  which the N top scores are chosen, where N is an
arbitrarily chosen. number. It should  be appreciated
that such methodologies result in an arbitrary number
of predictions 20 always being made no matter what
data is input, and regardless whether associations
exist. In Neher, 1994, an arbitrary threshold value is
used for screening: scores much  lull above the value
1.7 are considered to he the result of real.
interactions, and all else,  background noise.
However, methodologies which apply such simple
thresholds (also  called cutoffs) tail to appreciate,
among other things, the effects of phylogenet:i.c 25
relationships, sequence selection, or sequence number
on the resulting scores, making  such thresholds
arbitrary, absolute, and therefore possibly
ineffective. It should also  be noted that such
thresholds are sometimes based on the concept of
"statistical  significance" -however, the general
failure of threshold -applying screening methods  to
result in accurate predictions illustrates the
underlying flaw in assuming that 30 statistical
significant implies biological significance, when in
fact statistical  significance may result from any
number of phenomena, both biological and WO
2004/027-540 PCT/US2002/030656 methodological. Third
and finally, none of methods evaluate the quality of
the input  data (i.e. none have a misalignment
algorithm.) The method of Gobel et al. 1994, has been
applied to membrane  proteins (Singer et al., 1995,
Receptors and (Channels, 3:89:95), to attempt protein-
5 protein. interaction predictions (Pazos et al.,
1997, J. biol. Biol. 271: 511-523), and as an aid in
protein threading (Olmea et al., 1999, J.Mol. Biol.
293:1221-1239).No    



matter the context in which this method is applied,
its limitations remain as described  above. Finally,
despite self-contradictory claims of accuracy, it
seems that the  maximum accuracy is 1 3% for small
proteins (Olmea el al. 1.999); however, given 10 that
the accuracy due to pure chance in such a small
protein can be as high as -2 7'/'t'),  this method is
questionably effective. The next generation of such
biased, Wile-based methods attempted to  account for
the effect of phylogenetic relatedness on their
predictions. The difficulty  with all such methods is
that phylogenetic relationships arc merely hypotheses,
15 calculated Boni. sequence alignments based on sets
of assumptions. `f hits, it is unclear  whether such
information will merely serve to compound the bias
problem rather than  resolve accuracy issues. An
example of such a method is Pollock ct al., 1999, .f.
Mol.  Biol. 287: 187-198. However, the. authors
conclude that despite being able to detect  the
presence of "coevolution" in general, this method is
unable to detect actual, 20 specific interactions.
Note that the authors perform a. "theoretical
simulation". In  Chelvanayagam et al., 1997, Protein
Engineering. 10:307-316. a method very similar  in
both scoring and screening to the Gobel el at. 1994
method is used. It is applied,  however, to distinct
sequences based on their supposed phylogenetic
relatedness. The  authors conclude that the
methodology is able to detect only a "weak signal" and
is 25 highly inaccurate. One contributor to this
method is Steven A. Benner, the named  inventor of LT.
S. Patent No. 5,958,784 (the `784 patent"). The '784
patent makes  note of the usefulness of covariation
information. in protein structure prediction.
However, the '784 patent does not disclose how to
detect such information.  Clrelvanayagam et al. 1997,
does describe such a method. However, Chelvanayagam 30
el at. conclude that while anecdotal examples exist of
semi-manually detected  covariation, rigorous
application of such methods demonstrate that they are
not  widely applicable and are in fact inaccurate.
Thus, the inclusion. of phylogenetic WO 2001/0275,40
PCT/US2002/030656 information has not greatly altered
the accuracy of protein-specific, biased, rule-based
methods. The second major group of previousy described
methodologies use  biopolymer-general methodologies.
Such methodologies are based on algorithms  5 known in
the field of statistics as "Categorical Data Analysis"
methods. The predominant scoring method in most
previously described methods uses the Mutual
Information (NIT) algorithm. Such a scoring method has
been theorized to be useful  for any type of
biopolymer. One of tide first attempts to use MI
scoring is found in  



Chiu and Kolodziejczak., 1991, CABIOS, 7:347-352, who
applied it to RNA; a later  10 attempt to again apply
it to RNA is found in Gutell et at, 1992, Nucleic
Acids Research, 21:5755-5795; finally, an attempt to
apply it to protein sequences is found  in. Korber et
al., 1993, Proc. Natl. Acad. SCI. LISA 90:7176.7180.
In general, the use  of MI scoring has met with more
success in the RNA prediction field than the protein
prediction field; although, this success has been
limited to RNA secondary structure  1.5 (possibly due
to the relative simplicity which governs such
structures). Nominal categorical data. analysis (tor a
review of this topic, see  Agresti, 1996, An
introduction to Categorical Data Analysis, Wiley, New
York.) is by  definition a method that treats data as
discrete categories, which are not assigned  values.
Examples of categorical data. arc: the states of the
United States of America, a 20 person's gender, types
of fruit, etc.. These methods have been. specifically
designed  given the understanding that, for example,
an apple cannot be considered "higher" or  "lower"
than a pear, nierely different. Thus, these methods, a
priori, do not require  the assignment of' values to
the different units of a biopolymer (e.g. assignment.
of values to amino acids based on some physiochemical
characteristic or similarity  25 matrix). It is for
this reason that these methods can be applied to any
type of  biopolymer. Categorical data approaches
usually require the generation of  frequency gable(s),
which. is a simple tally of the number of simultaneous
occurrences.  Thus, one could generate a 2x2 frequency
table. where the rows denote the different ;0 fruits,
apple and oranges, and the columns denote the
different states, California and  Florida. The number
of oranges in each. state, and the number of apples in
each. state  is then tallied. Categorical data
approaches would then be used to analyze if any WO
2004/027-5-l0 PCT/US2002/030656 relationship exists
among apples, oranges, California, and Florida. One
critical lactor  in the subsequent analysis of such
tables is the number of rows an(] columns that  occur-
in the table. For example, the assumption mar.,' he
made that when comparing  two positions in an
alignment.enl. of RNA sequences, that a 4x4 table
should always be 5 generated (even if much of it is
filled with zeros) given that there are four naturally
occuring nucliec acids, A,C,T, and G; correspondingly,
a table tabulating two positions in a. protein
alignment might be assumed to be a 20x20 table because
there  are 20 naturally occurring amino acids.
Alternatively, a table could he generated  whose rows
and columns are equal to the number of different
characters occurring at 10 the positions being
compared. For example, if position 1 and 3 are being
compared,  



and only the characters A. and G are found at position
1 and only the characters T and  C are found at
position 3, then the table would be a 2x2 table, with
columns A and 0,  and roars T and C. in addition,
when. a scoring algorithm is applied by categorical
data  15 approaches to sets of data, the resulting
scores do not necessarily have consistent  scales and
ranges, i.e. there may or may not exist "scale
uniformity". However, scale uniformity B is preferred.
Consider the following by way of example_ Five judges,
A,  B, C, D, and E. are critiquing tell Olympics
skaters. It is essential for later interpretation
that each judge use the same scale./range - for
example, from 1 to 10, 10 being best. It' 20 however,
judge "A" is using the scale 1-100, and judge "B" is
using the scale 1-10,  and more confusingly, judge "A"
changes his scale depending on the skater, It would
he very difficult based on the scores alone (i.e. not
knowing (be scale used each time  by each. judge for
each skater) to determine the "best" skater. For this
reason, the  concept of scale uniformity is critical
for later interpretation. Scores can either be. 25
intrinsically uniformity scaled (a probability score
is one example: probability always  ranges from 0-1),
or scores may not he uniformly scaled and therefore
require  "standardization" -- a process which takes
into account the scale used for each score,  and
standardizes each score such ghat each standardized
score shares the same scale  (and range) with all
other scores. 30 Categorical data approaches may
further apply to the concept of  "symmetry." Symmetry
is a well-known mathematical process wherein, two
input variables (A and B) are symmetric if the
variables are interchangeable. i.e. given two VV O
2004/027540 PCT/US2002/030565 data sets, it does not
matter if the first or second set is considered
variable A, or  considered variable B. Symmetry is a
desirable attribute for scoring Methods because  when
scoring two positions, it is desirable that the score
for position 1 by position 2  be equivalent to the
score for position 2 by position 1 - i.e. it does not
matter which 5 position is placed into rows/columns in
the frequency table. This is considered desirable
because it aids in the later "screening" of scores -
consider: even scores which. are scaled uniformity,
but which are not. symmetric (i.e. assymmetric), are
somewhat problematic for later screening because two
scores are given for each pail'  wise combination, and
it: is difficult to determine winch is the more
biologically 10 relevant. However, it should be noted
that a symmetric scoring process is possibly  desired,
but not entirely critical. 



in the method by Chin et al. 1991, the Ml algorithm,
which is  inherently symmetric, is used for RNA
analysis. The biased assumption is made that  all
frequency tables are to be 4x4; (this is implicit in
the MI algorithm that is 15 subsequently used for
scoring; a consequence of this is that their MT scores
are scaled  uniformly- however, this is not a general
property of the MI scoring algorithm, but a
consequence of their biased uniform tables.) Also, in
this method, all conserved  sequences will correlate,
an undesirable consequence. Additionally, a "P-value"
statistic is also calculated. Unlike the present
invention, the P-value is not utilized as a 20 score
but rather as a test of statistical significance,
which is apparent in their  simplistic screening
process: an arbitrary threshold for P of less than
0.001 is chosen  this is an absolute, arbitrary
threshold screening process, based upon the
questionable  assumption that statistical significance
denotes biological significance, as discussed
previously. MI scores are then used to determine the
best interacting partner for each 25 position. While
this method seems able to predict with some accuracy
secondary  structural. elements, accuracy of tertiary
structural predictions is not achieved, and  overall
accuracy is difficult to determine given the data
presented. Gutell et al. 1992 also use this same MI
scoring on RNA. This method  does not bias all
frequency tables to 4x4; instead, table dimensions are
determined by  30 the characters that actually appear
at the compared positions. A consequence is that the
MI scores produced, as rioted in the paper, are not
uniformly scaled (see equation  3 of Gutell et al.),
and no attempt is later made to standardize then, A.
P-score is only WO 2002/027540 PCT/US2002/0306 6
optionally calculated according to ambiguous criteria.
Two other scoring methods, R1  and R2 are also
introduced, but are asymmetric transformations of the
MI statistic. A  formal screening process is not
provided. Instead the user is instructed to choose an
arbitrary, and absolute threshold for MI, or RI, R2,
Or select a user-specified N value,  5 where N is the
N best scores for a position. No disclosure is given
on how to accurately make such choices, reflecting the
fact that not only does this method lack a   formal
screening process, but that even implemented, it would
suffer the same  considerations previously discussed
with such crude screening methods. It should he  noted
that one of the predominant dilemmas in the RNA
prediction field is that, 10 generally speaking, a
number of different scoring methods have been
proposed, but  formal., rigorous screening methods
have not been proposed. Thus, the collective  teaching
is to use all scoring methods, or to use scoring
methods sequentially, in a  seemingly ad-hoc manner.
Since the RNA secondary structure predicted is often.



already known, it appears that somewhat circular logic
is applied in choosing among 15 such scoring methods:
i.e., the teaching is to use the scoring methods which
predict  the structure already known. For an overview
of other scoring methods by Dr. Robin  Gutell, see:
www.rna.icmb.utexas.edu. Their primary approach has
been embodied in  a program written by James Brown for
the Mac Operating System and is entitled
"Covariation" (Department of Biology, Indiana
University, Bloomington, .IN 47405  20 USA.) Finally,
in Korber et at. 1993, the MI scoring method was
applied to  proteins. In this method, the dimensions
of the frequency tables are determined as in  Gutell
et al. 1.992. Thus, as in Gutell et al., 1992, the MI
scores calculated are not  uniformly scaled. A
"P-value" statistic is also calculated. Unlike in the
present 25 invention, however, the P-value is not
utilized as a score but rather as a test of
statistical significance. As in Chia et al. 1991, this
is apparent in their simple  screening process: an
arbitrary threshold for P of less than 0.0001 is
chosen this is  an absolute, arbitrary threshold based
upon the questionable assumption that statistical
significance denotes biological significance, as
discussed previously. The results of 30 this method
are ambiguous, so far as interaction predictions are
concerned, as the  primary purpose of the analysis was
to detemine interacting pairs for the purpose of
vaccine development and no structure was available to
determine accuracy. 10 WO 2004/02540 PCT/ US
2002110311656 Like: the second generation of
protein-specific, biased, rule-based  methods,
attempts have been. made to incorporate phylogenetic
information into these  categorical data methods. In,
Akmaev et al., 2000, Bioinformatics 16: 501-512, an
attempt is made to incorporate phylogerietic
information. Methodologically speaking, 5 the method
of Akmaev et al, 2000, has a number of striking
similarities to Pollock et  al., 1999 and thus shares
with it many of the same limitations, biases, and
considera considerations. Again, as is common to the
RNA field, a number of scoring methods  are Proposed,
Without any rigorous instruction. on their use.
Finally, as seen  Previously-, an arbitrary, absolute
and simplistic screening process is applied: in. this
10 case, a P threshold of less than 0.05 IS applied.
None of these methods have the  ability to evaluate
the quality of the input data (1.e. none have a
misalignment  algorithm.) The third group of
previously describe methods are a. diverse group of
methods which further deviate from the present
invention. In the method described in 



15 Altschuh et al., 1987,1 Mol. Viol. 193:693-707, a
simplistic categorical approach is  used, although not
described as such, to analyze known protein
structures. This  method Is often described as a.
method of interaction prediction.; however, careful
inspection suggests that it is more accurately a
method to describe an already known  structure (i.e.
structure analysis) - as a prediction method it is
circular, since 20 interactions are chosen and then
justified according to the structure, and thus are not
actual predictions; it is therefore difficult to
assess accuracy. The method described in  Loci.less
and Ranganathan, 1999, Science 286:295-299, is another
protein. specific  method which can only be used to
analyze already known structures. Its widespread
applicability is not known.; furthermore, its
methodology, requiring sequence 25 inspection and
subset selection, does not appear easily automated.
Another method is  described in Shindyalov el al.,
1994, Protein Engineering, 7:349-358, which is a
protein specific method that requires prior
phylogenetic analysis of the data, and is  thus biased
by the methods used to create this phylogenetic
information. In  Shindyalow et at., the screen of a P
value threshold, this time arbitrarily set to less 30
then 0.05, is applied. The accuracy of this method is
described as being 5-23%.  Finally, it should be noted
that in Jones, 2000, Current Opinions in
Structural.Biology  10:371-379, a rnethod, ternied
PSIPRED is described, However, this method is 11 X1%0
2004/027540 PCT/US2002/030656 applicable only for the
prediction of' protein secondary structure, an area of
stru  prediction that has been well studied, and does
not provide a method for predicting  any other type of
biopolymer. it is noted once again that none of the
methods described above, biased, categorical or
otherwise, in addition to the differences and  5
limitations rioted, contain a method for evaluating
the quality of the input data (i.e. a  misalignment
algorithm.) In view of the foregoing problems. an
object of the present. invention is  to provide an ab
initio-type computational method that, in contrast to
all previously  describe methods, a) contains scores
that are symmetric and uniformlu scaled, and/or 10 a
process of standardization that results in scores that
are uniformly scaled; h)  contains a rigorous
screening process that is intricately= linked to its
scoring algorithms  and that allows high accuracy to
be achieved; c) contains a screening process that is
neither arbitrary nor absolute, and thus able to
implicitly handle the effects of  sequence selection,
phylogenetic relationships, sequence number; d) does
not require 15 preconceived biochemical parameters, or
any other type of empirical data such as  



physicochemical., energetic, similarity descriptors or
matrixes and is thus unbiased  and not rule-based; e)
is able to predict novel types of interactions, as
well as further  describe existing ones; f) is
biopolymer general, and thus can be applied to the
sequences of, inter alia, DNA, RNA and proteins, for
predicting not only 20 intramolecular but also
intermolecular biopolymer interactions and
heterobiopolymer  interactions, such as, but not
limited to DNA-protein binding; g) is highly
automated.  and does not require enormous amounts of
user input; h) contains a method for  evaluating the
quality of the input data and suggestion for how to
improve it, and is  thus a novel method by which to
analyze sequence alignments for errors; and i) is ?S
iterative, because as the input data is refined via
its misalignment algorithm, each  successive pass
allows for better predictions. The preferred
embodiment satisfying all  of the foregoing objectives
is referred to hereinafter as "Shevek." The present
invention does not focus on the proper assignment of
tertiary structure as do other alp initio approaches
to analyze genomic sequences.  30 Instead, it focuses
on the assignment of intramolecular and intermolecular
associations between and within biopolymers, in order
to analyze genomes and  proteomes, and thus define
functionally significant interactions and active
sites.  SUMMARY OF THE INVENTION In accordance with
the. present invention there is provided a
computational method for predicting intramolecular and
intermolecular biopolymer  interactions generally
comprising the following steps: 5 (a)obtaining
genornic/biopolymer sequence data; (b) performing an
alignment process with the sequence data; (c)
performing a combinatorial matching  process; (d)
performing a. scoring process; (e) performing a
screening process; (1)  performing a misalignment
process; (g) repeating steps b through f; and (h)
obtaining  association information wherein said
association information predicts intramolecular: 10
and intermolecular biopolymer interactions. The method
of the present invention has improved efficacy over
the  previously described methods, i.e. It has been
shown to provide remarkably reliable  predictions (see
Fig. 8 and Example I, infra) and it is generally
applicable to all  biopolymers, including, inter alia,
RNA, DNA and proteins (see Figs. 8-11 and 15 Examples
1-4, infra). In particular, the present invention
demonstrates improved  efficacy over the previously
describe methods partly due to: 1) a scoring process
that  results in scores that are symmetric and
uniformity scaled, and/or a process of
standardization that results in scores that are
uniformity scaled; 2) a rigorous screening  



process that is intricately linked to its scoring,
algorithms, such that high accuracy is 20 achieved; 3)
a screening process that is neither arbitrary nor
absolute, and thus able to  implicitly handle the
effects of sequence selection, phylogenetic
relationships,  sequence number; 4) a methodology that
does not require preconceived biochemical  parameters,
or any other type of empirical data such as
physicochemical, energetic,  similarity descriptors or
matrixes and is thus unbiased and not rule-based; 5) a
25 methodology that is highly automated, and does not
require enormous amounts of  user input; 6) a
methodology for evaluating the quality of the input
data arid  suggestion for how to improve it, and is
thus a novel method by which to analyze  sequence
alignments for errors; and 7) a methodology that is
iterative, because as the  input data is refined via.
its misalignment algorithm, each successive pass
allows for  30 better predictions. 13 IWO 2004/01-7540
PCT/US2002/1030656 BRIEF DESCRIPTION OF THE DRAWINGS
The present invention will now be described by way of
the following  detailed description of illustrative
embodiments thereof In conjuction With the  drawings
in which LI  5 Fig. I is a flow diagram illustrating
an overview of an exemplary  embodiment of the
computational method of the present invention, the
dotted lines indicating data flow; Figure 2 shows a
hypothetical sequence alignment; Figure 3(a) shows an
exemplary Actual Frequency Table; and 3(b)  10 shows
the corresponding exemplary, Expected Frequency Table;
Figure 4 are graphical plots of chi-square (X2)
distributions and their  dependence oil DF, such
distributions arc utilized to uniformity scale a given
X2 score: Figure 5 are graphical plots of score
distributions and the parameters utilized to analyze
such distributions; Figure 6(a) is an. example of an
Actual Frequency Table; and 6(b) is an  example of the
corresponding AR table, utilized to determine
misaligned sequences,- figure 7(a) is a graphical plot
of the V score distribution, 7(b) is a graphical plot
of the -logP score distribution and 7(c) is a
graphical plot of -IogP  versus V scores., for the
AI5[err] example; 20 Figure 8(1 shows the structure
for Domain V of the Group 11 catalytic  RNA A15[err]
as predicted by the exemplary embodiment of the method
of the present   



invention and 8(b) shows the interactions for Domain V
of the Group 11 catalytic  RNA A151, according to the
biochemically predicted structure; Figure 9(a) is a
table listing the interacting positions in tRNA. and
the 21 5 nucleic acids to which they correspond, as
predicted by [lie exemplary embodiment of  the present
invention; and 9(b) depicts two three-dimensional
views of the known  tRNA crystal structure indicating
that the exemplary embodiment of the present
invention predicted the interacting nucleic acids;
Figure 10(a) is a table listing the, interacting
positions in HIV protease  30 and the amino acids to
they correspond, as predicted by the exemplary
embodiment of the present invention- 10(b.) depicts a
three-dimensional view ofthe  crystal structure of a
monomer of the protease; and I 0(c) depicts a three
dimensional 14 WO 2004/027540 herein: view of a
homodimer of the protease hemoglobin shoving that the
exemplary  embodiment of the present invention
correctly predicted interacting amino acids; Figure
I.1(a) is a table listing the interacting positions in
hemoglobin  and the amino acid sequences to which they
correspond, as predicted by the 5 exemplary embodiment
of the present invention; and 1 1(b) depicts a three
dimensional ~ view of the crystal structure of
hemoglobin showing that the exemplary  embodiment of
the present invention correctly predicted interacting
amino acids; Figure 12(a) shows the secondary
structure of ] 6 S rRNA with the  SHEVEK prediction of
the I268A-13116 interaction indicated; and 12(b) shows
the  10 prediction of the 1268-1311 interaction mapped
onto the x-ray crystal structure; Figure 13(a) shows
the SHEVEK prediction of 107-129 interaction  for
Histidyl-tRNA Synthetase mapped onto a close-up of the
active site in the .F. coli  x-ray crystal structure);
13(b) is a frequency table for the 107-129 prediction;
and  13(c) shows the SHEVEK-directed structure
analysis; and 15 Figure 14(a) shows the prediction of
283T-453L for HIV gp 120,  mapped onto the complex of
gp120 with T-cell receptor CD4 (1 G9N); 14(b) shows
the intermolecular interaction prediction 31-93A for
GroES, mapped onto the  homoheptarner structure of
GroES (I A.ON); 14(c) is a graph. showing structure-
evaluated accuracy; and 14(d) shows the SHEVEK
predicted accuracy for 13 proteins  20 of various
lengths. DETAILED DESCRIPTION  



The following is a. list of definitions and
abbreviations for terms used Shevek: An. exemplary
embodiement of the method of the present  invention
described hereinbelow. Sequence Alignment: a. two
dimensional matrix of data, where the columns in the
matrix designate different positions and each role is
comprised of a  different sequence. The sequences are
related to one another either by structure or 30
function. Each. position should contain characters
(such as, but not: limited to, the  single-character
designations for the different amino acids and nucleic
acids) that  occupy the same structural/functional
role in each sequence. 15 WO 2004/027540
PCT/US2002/030656 Characters: any symbol, name, or
other nonambiguous identifier;  characters may be
alphanumeric symbols, any other machine interpretable
symbol. or  made of any length or combination of
symbols, such as a name. Examples include,  but are
not limited to: the letter ".A," the abbreviation,
"Ala," the word, "Alanine," 5 and the. symbol
combination "%$#$". Categorical Data: data that can be
placed into categories. Nominal data  is a type of
categorical data, for which the concepts of order,
rank, higher, lower, have  no meaning. Examples of
nominal data (data that is described by a name) are
countries, fruits, sex-type, and species. The Shevek
method may treat the. characters  10 that occur at. a
position in a sequence alignment as categorical,
nominal data. Association (.Interaction): In general,
denotes a. relationship between  or among data. More
specifically, in the preferred embodiment, Shevek.,
this method  attempts to detect associations between
and among the different positions in a sequence
alignment, which corresponds to associations between
the characters found  15 at those positions in the
sequence alignment. Au association may imply that the
positions associated are located in spatial proximity,
but may also imply other types of  relationships, such
as energetic connectivity, a relationship that occurs
along a. folding  pathway, or a relationship based on
the function of the biomolecule. Combinatorial
Matching Process: any process that generates a list:
of  20 combinations of positions, and is thus a list
of-the possible associations to be later  analyzed,
for the purpose of ultimately detecting the actual
associations that exist. In  the current preferred
embodiment of Shovel.:., a. list of tic o ~~ ay,
non-redundant  combinations of positions may be
generated; however any combinations of positions  



are possible, such as multi-way combinations. 25
Frequency `Table: a table that enumerates the data
found for any given  combination of positions. For a
pair-wise combination of positions (two), this may be
described by a. two-dimensional grid whose rows denote
the characters at one  positions and whose columns
denote the characters at the other position.
Preferably,  the values in this table may be a simple
tally of the character-character occurrences at 30
those two positions; when this is the case, this table
is called an actual frequency  table; however, these
values may also, if desired, be weighted according to
preconceived or empirical data describing specific
character-character combinations. l6 WO 2004/027540
PCT/US2002/0306Sr6 Expected Frequencies: the se[ of
frequencies one would expect given  the
null-hypothesis that no association exists for any
given combination of 'positions.  Such frequencies may
be calculated using any number of methods, including
assumptions concerning phylogenetic relationships. In
the present invention, these  5 frequencies may be
collared in a table, designated an expected frequency
table, and  determined simply accordin=g to Marginal
probabilities. Scoring: Process: Any method that
results in a score being assigned to a  particular
combination of positions, sometimes by analysis of a
frequency table. A  non-exhaustive list of examples of
scores, each resulting from a scoring process, are 10
correlation coefficients (sometimes denoted by r,1);
maximum-likelihood ratios  (sometimes denoted by ML,
H. A}; likelihood-ratio chi.-squared statistics, a.
specific  version of a maximum-likelihood ratio
(sometimes denoted by (32); mutual  information
(sometimes denoted by MI, I, M); uncertainty
coefficients (sometimes  denoted by U, R1, R);
Pearson's chi-squared statistics (sometimes denoted by
15 Cramer's V statistics (sometimes denoted by V);
probability or P-value or P scores (sometimes denoted
by P); and degrees of freedom (sometimes denoted by
DF).  Preferably, the last four types of scores are
used, y`', V, P, and 1)F; however, any  suitable score
and method known in. the art may be used to perform
the scoring  process of the present invention. 20
Scale Uniformity: Scale uniformity exists when a set
of scores have a  scale and range in common. Thus, for
all scores, the range and scale of the possible
scores for each score, is the same. For example, scale
uniformity does not exist for  two scores in the
following situation: a score of 1, on a scale of Ito
10 and a score of  2 on a scale of I to 1000. It does
exist in the following situation: a score of 1 on a  



scale of 1 to 10, and a score of 2 on a scale of 1 to
1.0_ In the present invention, the  scores preferably
possess scale uniformity. Standardization Process: A
process that takes a set of scores that do not
possess scale uniformity, and alters them such that
the set of scores does possess scale  uniformity. In
order to accomplish such a process, it is necessary to
know or 30 determine the "scale and range" for each
score. For example, X' scores are not inherently scale
uniform; the scale and range of each x' score is its
distribution Thus, each Z` distribution can be used to
uniformly scale its corresponding x' score; WO
2004/027540 PCT/US2002/030656 these uniformly scaled
scores are designated P scores. P scores possess scale
uniformity. P scores may also be interpreted as a
measure of statistical significance. Symmetry; A score
is symmetric if it is irrelevant how positions are
compared - i.e. how A associates with B is the same
with how B associates with A.  Asymmetric. scores do
not have this property. hi the present invention,
symmetric scored are preferred Screening Process: A
process that evaluates a set of scores. This  process
determines which scores are the result of an actual
association (between the  combination of positions a
particular score represents) and which scores are not.
It 10 may consist of three parts: a standardization
process, which uniformly scales any set.  of scores
which are not uniformly scaled; a threshold
determining process, which  determines the value above
which scores do represent actual associations; and a
chain-elimination process, which eliminates scores
that are the result: of weak  associations or
combinations of associations, in favor of strong,
actual associations. 15 Misalignment Process: A
process that evaluates the quality of the  input data,
in this case the sequence alignments and may also
provide suggestions for  how to improve it; it is thus
a method by which to analyze and correct sequence
alignments for errors. Sensitivity Process: The
.sensitivity process measures how robust a,  20 given
score is, by determining how much a score is affected
by alterations in the data  set. Exact Statistics
(also known as Exact Treatment, Exact Inference ):
Exact statistics deals with frequency tables when the
data in them is small, skewed or  sparse. See Agresti,
Statist. Sci. 7: 13 1 -153 1992. Determining whether a
table 25 requires exact statistical handling is not
always possible; however, current  conventions
advocate the use of the set of parameters known as
Cochran Conditions  



established by W.B. Cochran. See Cochran, 1.954,
Biometrics 10:417-4.5I I. The present invention is a
novel computational method for predicting
intramolecular and intermolecular biopolymer
interactions. An exemplary 30 embodiment of the
present invention is referred to herein as "Shevek."
The method  of the present invention can predict both
homo-biopolymer and hetero-biopolymer  interactions,
and thus is uniquely capable of mining all types of
biopolymer sequence 18 WO 2004/027540
PCT/US2002/130656 data (e. genomic and protcornic
sequence data) for molecular interactions.
Additionally. unlike other methods, the method of the
present invention comprises a  novel misalignment
process that improves the efficacy of association
prediction. The present invention is unique Ill that,
inter it can recognize data  5 as meaningless symbols.
It may contain a screening process that adapts
according to  the nature of the input data, and may
incorporate the Concept of input data quality
analysis and error detection: Since data may be
recognized as meaningless symbols (i.e., as
categorical, nominal data) in the present invention,
data can have no biological 10 characteristics. The
present invention does not need to recognize where a
gene begins  or ends; whether the data represents one
or a thousand genes; or whether the data is a  protein
sequence, an RNA sequence, or a DNA. sequence. The
present invention may  recognize, instead, only symbol
identities. Thus, the symbol "A" can be recognized as
identical to the symbol "A" and different from the
symbol `B"; but neither "A" ?tor 15 "B" may have any
meaning in and of themselves. This is in contrast to
the rule-based  biased methods, as indicated above.
Such methods are biased because they are  programmed
with "rules" usually according to physicochemical
properties. (,'or  example, hydrophobic residues may
be assumed to interact "better" with other
hydrophobic residues; data which fits this "rile"
would then he accorded a score ?0 different than data
which does not. Typical biases in the previously
described  methods, as discussed, include the use of
biochemical. characteristics such as size,
hydrophobicity, or other similarity matrixes. As
stated, the method of the present invention may
recognize data. in  an unbiased manner, as nominal
data. In-stead of trying to "teach" all the rules
(since  25 all the rules arc not known and the failure
to have all the rules results in bias) the present
invention can be aware of no rules and can therefore
be completely unbiased.  The method of the present
invention can "see" only columns (positions) of  



"meaningless" symbolic data and can determine through
statistical analysis (based on  algorithms from. the
field of categorical statistical analysis) whether or
not any, 30 positions are associated. Alternatively,
the present method can incorporate "Hiles"  used M.
other methods, or based upon the types of associations
detected by this  mehtod. 19 WO 20041"02-175,40
PCT/US2002/03065i) Because tile present invention need
not recognize nor require  biological characteristic,
it Call be Used to analyze ail), number of biopolymer
molecules and any combination of them, regardless of
whether or not the, polymer is  protein, and "A, or
DNA. Thus,, the present invention can. detect
intramolecular and 5 intermolecular associations
between and among protein, RNA and DNA. Examples 1-4
and Figs. 7-11 show that the exemplary embodiment of
the present invention can predict the structure of a
variety of different biopolymers.  and diffierent
biopolymer types using a biochemically neutral
approach - i.e. without:  being apprised of any of
the. conventional traditional base-pairing rules.
Notably, the 10. structure of domain. V of the Group
11 catalytic RNA A15), has not been determined by
crystallographic methods but has rather been
determined using difficult, biochemical  techniques
(e.,- solvent accessibility tests) which can take
months to perform. Tile  exemplary embodiment of the
present invention calculated the biochemically
determined structure within a short period of time (a
matter of hours) and did so with 15 an. accuracy of
approximately 100%. See.Figs. 7 and 8 and Example I
herein.  Consider by way of example, a sequence
alignment consists of 90  positions, wherein. the
first. 30 positions are composed of sequences from
proteins  ('each of these positions contains a column
of one-letter characters representing the  various
amino acids). the second 30 positions are composed of
RNA sequences (each 20 of these positions contains a
column of one-letter characters representing the v
molls  nucleic acids found In. RNA.) mid the last 3 )0
positions are composed of DNA  sequences (each of
these positions contains a column of one-letter
characters  representing the various nucleic acids
found in DNA). Wide tile user of the method may be
aware of these distinctions, (as the user determines
the input to the method)~ 2 5 the present invention is
not aware of these distinctions. The present invention
can treat  all columns as meaningless symbols, and
does not need to recognize protein from  RNA, or the
end of one. molecule from the beginning of another.
The present  invention can recognize the similarity or
differences in identity of [he symbols within  



a given. column. Using statistical tests that rely
only on such basic recognition the 30 present
invention then determines which of the 90 positions
may be interacting In addition, the present method may
incorporate ail adaptive screening,  process, i.e. a
process that does. not rely on pre-defined, arbitrary
or absolute -)0 WO 2004/027540 PCT/US2002/030656
thresholds. For example, but not by way of limitation:
every position. in an alignment  has a certain amount
of order - due to both trivial (i.e. sequence
selection and number, alignment methods, etc) and
non-trivial reasons (i.e. conservation due to
function,  evolutionary time and distance). When
scoring a combination of positions, a 5 comparison is
made to determine how similar is the type of order at
a position compared to the type of order at another
i.e., how ordered ( with respect to each other) are
the orders (at the compared positions) themselves
(termed herein as "ordered  order"). This can he
interpreted as order due to the sequences appearing in
an  alignment, and order due to the characters
appearing in a position. Thus, positions 1 1.0 may
each be highly conserved, (ordered) but not conserved
in the same manner (thus,  not in the same sequences,
thus lading ordered order). Sequence selection,
sequence  number, alignment methodology, and
evolution, as well as other sources, can all be
considered to have the potential. to effect ordered
order. Instead of attempting to deal  with each of
these sources of ordered order explicitly, the present
method may deal 15 with them implicitly, by choosing
thresholds for a set of scores according to the
distribution of such scores. Scores will cluster at
sonic value due. to the ordered order,  regardless of
source, experienced by all positions. Consequently,
scores that do NOT  congregate with all other scores,
"outlier" scores, most likely possess ordered order
above and beyond that of the ordered order experienced
by all positions. Such 20 additional ordered order is
most likely due to association among positions. Thus,
a  threshold for a given score is chosen to exclude
all scores that cluster together, thus  keeping scores
that contain ordered order due to association. It
should be appreciated,  therefore, that the actual
threshold value chosen may vary for each data set.
This  methodology also serves to explain why
symmetric, uniformly scaled scores are 95 preferred.
Ultimately, the clustering of scores and the
subsequent selection of outlie.r  scores has logical
meaning only if all scores have been scored on the
same scale.  Thus, there exists the possible
requirement for a standardization. procedure prior to
such distribution analysis when a set of scores is not
uniformly scaled. Symmetry is a  



bonus, as only in -e score will exist for each
combination of positions. 30 Chain elimination may
also be important in the screening process of  the
present invention. A position may possess ordered
order with respect to more  than one position, and
this ordered order may be of different strengths (i.e
associate 21 WO 2004/027540 P(: 7'i U 5 200 210 30 656
with more than one other position). Furthermore, the
very presence of ordered order  due to association
arson g a combination of positions alters the
landscape of order in  general - making it more likely
that these positions, in their interactions with all
other  positions, either through chance or actual
association, will achieve scores that do not 5 cluster
with all other scores (e.g., if position A associates
with position B, and with ~position C, it can be the
ease that the pair - wise combination BxC has score(s)
suggesting association, even if BxC do not. in tact
associate.) For these reasons it is  reasonable to
suspect that propagations or chains of ordered order
may exist. Since  association information contains no
causal information, it is not possible using such 10
association information alone to tease apart such
chains- It may be possible, however,  to determine the
"pinnacle" of ordered order in. any given chain, 91ven
that  randomness most likely may diminish the strength
of such ordered order as it.  propagates. Thus, a.
step in the screening process may include the
identification of  chains of ordered order, as well as
the selection of' such a pinnacle association, that 15
represents the best and strongest association for
every given chain of ordered order.  The present
invention also has the capacity to analyze the quality
of the.  input sequence alignment and suggest
corrections. Superior data mining of association
information requires the ability to recognize and
handle misclassified input data. Data  is
misclassified whenever a flaw exists in the input
sequence alignment; and because  20 sequence
alignments are often flawed, there exists a tendency
for data misclassification. Such inaccuracies can
drastically affect the scoring and screening of  data,
and result in inaccurate predictions. Accordingly, the
method of the present  invention may contain a
misalignment process, which addresses this
misclassification  problem. Therefore, the present
invention can evaluate and suggest corrections for its
25 input data. Furthermore, by coupling this
misalignment process together with. the  data-mining
prediction process, in an iterative manner, the
present invention can  refine its own predictions.
Additionally, superior data alining may also requires
output error  analysis. It is advantageous, for a
method to be able to quantitatively "Judge" its own  



30 accuracy, before requiring tedious experimentation,
thereby tremendously reducing the amount of
experimentation necessary. The method of the present
invention may  do so by quantifying the sensitivity of
its output predictions to changes in the input  \\'O
2004/027540 PCT/US2002/030656 data set. It may do so
by altering the input data set repeatedly (e.g. by the
addition or  removal of sequences) and measuring how
often the same predictions occur: this is  known as
robustness. Generally, the computational method of the
present invention for  5 predicting intramolecular and
intermolecular biopolymer interactions (Shevek)
comprises the following, steps as shown in Fig. 1 a)
obtaining genomic/biopolymer sequence data 1; (b)
performing an  alignment process with the sequence
data 2 wherein said alignment process produces
sequence alignment data 3; (c) subjecting said
sequence alignment data from step 3 to 1.0 a
combinatorial matching process 4 wherein said
combinatorial matching process  generates a first list
of possible association; (d) preparing an actual
frequency table for  each possible associations 5; (e)
performing a scoring process 6 on the actual
frequency tables from step 5; (f) performing a
screening process 7; (L) performing a misalignment
process 8 wherein said misalignment process generates
a second set of  ]. 5 sequence alignment data 9; (h)
subjecting the second set: of sequence alignment data
to steps 2 through -17; and (i) obtaining an set of
associations wherein said set of  associations
predicts intramolecular and intermolecular biopolymer
interactions. Steps  8 and 9, the repetition of steps
2 through 7, may be eliminated. Alternatively, steps 8
and 9, the repetition of steps 2 through 7, may he
repeated several tunes to further 20 improve the
accuracy of the final output data. The biopolymer
sequence data I may be obtained from any reliable
source. For example, biopolymer sequence data may be
obtained from the National  Center for Biotechnology
Information. (NCB]) (see
http://www.ncbi.nlm.nih.gov/COG). Ira addition,
biopolymer sequence data may be  25 obtained from
individual sequencing efforts. Any reliable source of
biopolymner  sequence data known in the art is useful
for the present invention. The alignment. process of
the present invention 2, for a hypothetical  alignment
see Fig. 3 herein, and For an example alignment see
Table I herein, is well  known to those skilled in the
art and may be performed using one of many alignment
30 algorithms known in the art. For a review of
sequence alignment methodology, see  Phillips e al.,
2000, Mol Phylogenet Eva!. 16: 317-330 which is
incorporated herein  



by reference. 23 WO 24104/01-7540 PCT/US2002/030656
The combinatorial matching process of the present
Invention 4 (see  Table 11 herein for example)
generates a comprehensive list of possible
associations  and then uses this list to generates a
frequency table for each  possible association
according to 'well known methods for tabulating. For
an introduction see Agresti, 5 1996, An introduction
to Categorical Data Analysis, Wiley, New York-. The
scoring process may comprise the following steps: (i)
subjecting  all actual frequency tables to an expected
frequency generator- (ii) generating an  expected
frequency table for each actual frequency table, and
(iii) using each expected  frequency table and its
corresponding expected frequency table to assign a
score to 10 each of the possible associations these
tables represent. Additionally, the scoring  process
May further comprise the generation of other scores,
such as, but not limited to, the V score, which. may
require first: generating the score obtained in part
above, The screening  process may comprise (1)
classifying the scores from  15 the actual frequency
table as Normal or Sparse (farther defined below);
(11) subjecting the scores obtained from the scoring
process to a standardization procedure,  (,which may
include subjecting the scores from actual frequency
tables classified as  Normal to a standardization
procedure specific to such tables lad subjecting
scores  from actual frequency tables classified as
Sparse to a standardization procedure 20 specific to
such tables or by subjecting the Normal and Sparse
frequency tables to the  same standardization
procedurce to produce a set of standardized (i.e.
uniformly  scaled) scores-, (iii) subjecting the set
of standardized score(s) to a threshold  determination
process to obtain a score threshold for each set of
score(s); (iv) filtering) each set or scores using the
thresholds, to obtain a set of filtered scores-. 5
(determining any chains of associations that may exist
within the. set of filtered scores~  and (W)
determning'a the pinnacle association within. each.
chain. These pinnacle  associations are the initial
predictions of the method of the, present invention.
For the  process described in part (viii) a greater
number of different , appropriate score types  being
screened may may result in a great possible
discriminatory power  of the present  30 invention.
The collective predictions of association positions
may then be used,  inter alia, to: a) predict
importany energetic interactions; b) predict important
I  



24 WO 2904/027540 PCT/US2002/030656 structural
interactions; c) analyze known structures Ian-
important motifs; (1) analyze  crystal structures for
possible artifacts of crystallization; e) predict
intermolecular  interactions between and among TINA,
DNA or proteins, depending upon the data  input
(therefore, this information may be useful for both
the prediction of novel 5 associations as well as the
molecular docking of .known associations;); I) enhance
protein stability to improve efficacy for
macromolecules that are used in therapeutic or
chemical processes; g) help determine phylogenetic
relationships in evolutionary  models; and h) better
describe known molecular interaction types, identify
new ones,  and generate a database of such
interactions. All such uses are of great importance
for  10 understanding metabolic, cellular, and
pathological. mechanisms. In addition, a sensitivity
analysis process may additionally be  performed, which
may consist of altering the input data set repeatedly
(e.g. by the  addition or removal. of sequences),
repeating steps 3-7 (Fig. 1), and counting how  often
the same predictions occur: this is known as
robustness. See Efron, 1981, 15 Biometrika, 68:589-599
incorporated herein by reference. Predictions that
occur often  are robust are most likely prevalent and
not due to error. Furthermore, a misalignment process
may also be performed This  process may comprise the
following steps: (i) identifying the actual frequency
tables  corresponding to the predicted associations
(the results from the previous screening ?(1 process);
(ii) subjecting the actual frequency tables to a
misalignment identifying  process [8; Fig. I] to
determine misaligned sequence and misaligned sequence
regions  [9; Fig. 1]; and (iii) subjecting the.
misaligned sequence regions to the alignment  process
[2; Fig. 1] to obtain sequence alignment data. The
misalignment process may  identify misaligned
sequences and regions within those sequences that
exist in a given 25 alignmen.t. The number of'
sequences identified as misaligned (in relation to the
total  number of sequences) may be an indication of
the quality of the initial alignment; the  actual
sequence regions within these sequences may identify
areas in need of  correction. In accordance with all
other processes of the present invention, the
misalignment process identifies misaligned sequences
independent of the type of 30 biopolymer sequences in.
the alignment. In a preferred embodiment, given a
biopolymer sequence(s), sequence  alignment data (1 in
Fig. 1), e.g., a set of related sequences, are
identified and WO 21104/027540 



PCT/2002/030656 obtained using, a search program such
as BLASTTM (.Altschul et al.. Nucleic Acids  Res.
25:3389-4302. (1997), incorporated herein by
reference). The number of related  sequences that
should be identified - and subsequently aligned - may
be di difficult to  determine a priori, because the
strategy underlying Shevek is one that seeks to S
determine signals from noise, a relative measure,
rather than seeking sonde standard signal Value.
However, as a general rule, i subsequent calculation
of ii.i parameter -. logP threshold Is less than PMIN
or if subsequent calculation of the parameter V
threshold is less than VMIN, then the data set is
insufficiently small and/or  insufficiently diverse.
PMIN and VMIN are empirical parameters whose default
10 values are PMIN=2 (range- .5-5): VMIM=0.4 (range:
J-,7). It is generally useful to  identify as many
sequences as possible, with an upper limit being
simply the  computational power/time available to
analyze those sequences. Preferably the  largest, most
diverse set of homologous sequences to the sequence of
interest is used.  However, the more diverse the.
sequences, the more difficult it may be to align them.
15 Alignment methods and the theory underlying them
are reviewed in detail by Phillips  ei al., 2000, of
Phylogenel Eve! 16: 317-330, incorporated herein by
reference. The  following may he considered general
guidelines: a) sequences greater than 25  characters
in length are preferred; b) sequences with > 30%
pair-wise sequence  identity are most likely to have
similar structures and functions and are thus
preferred; 20 c) alignments composed of = 10,f% gaps
are preferably avoided. See Rost, 1999,  Protein
Engineering, 1.2:85-94 and Rost et al., 1996, .Curr.
Opin. Biotechnol. 7:457 461 for more details on
sequence alignment.) These sequences are then aligned
using  an alignment program such as CLUSTAL X[err]
(Thompson et al., European Molecular  Biology
Organization, vs. 1.63 (1997), incorporated herein by
reference), resulting in Z5 a sequence alignment. In
this alignment, a different sequence is placed in each
row;  each column represents a different position. A.
hypothetical sequence alignment (step  3 in Fig. 1) is
shown in Fig. 2. In the hypothetical sequence
alignment of fig. 2, the  numbers designate different
sequences and capital letters designate the different
positions in a sequence. As shown in Fig. 2, Sequence
1 represents the sequence 0C  30 interest; Sequences
2-8 represent related sequences that have been aligned
with one  another. Again referring to Fig. 2, nonsense
random characters have been used in the  sequences to
emphasize the universality of the present invention,
denoting its ability  WO 2004/027540
PCT/US20002/030656 to be used for any biopolymer,
including, but not limited to, protein, RNA, and DNA  



sequences, and any combinations thereof. The alignment
is read into memory by Shevek. Then, the combinatorial
matching process (step 4 in Fig. 1) is performed as
follows: A list of possible  interactions may then be
generated, by pairing all positions with all other
positions (non-redundantly), resulting in an
exhaustive list of all possible 2- way combinations
of positions. Thus, by way of example only, in an
alignment that has only the 4  positions, A. B, C, and
D, an exhaustive list would be the combinations AxB,
AxC,  AxD, BxC, BxD, and CxD. Note that for even the
small. alignment in Fig. 2, there are  10 378 possible
combinations. Frequency tables (step 5 in Fig. 1) are
then created as follows: An  actual-frequency table
created for each and every pair-wise combination on
this list,  according to the following methodology:
First, a given table's dimensions are  determined
solely by the diversity of characters that appear at
the two positions found 15 in the pair-.wise
combination. Each different character in the first
position is given its  own row; each different
character in the second position is given its own
column. In  this manner, no characters are ever
assumed to exist at a position. To be included on  the
actual-frequency table, such character :s must
actually appear in that position. In  this regard, the
present invention is different from other methods (e.
g., Chia and 20       Kolodziejczak, 1991, .CABIOS,
7:347-352) that pre-determine what characters should
appear as a row or column. Such predetermination
biases the shape of the table.  Second, the numbers
(also known as counts) that fill the cells in a
frequency table are  then determined by a simple tally
of the occurrence of each character-combination for
those two positions. For the above sequence alignment
in Fig. 2, the actual frequency 25 table for position
IxS is shown in Fig. 3a. By inspection, for example,
but not by way of limitation, this pair- wise
combination has the following possible character
combinations: [err]. The. present invention  differs
from other methods in this regard because it can
handle and may use 30 unweighted data (in contrast to
methods that require physicochemical descriptors or
matrixes of similarity, as reviewed in Pollock, 1997,
Protein Engineering 10:641-657,  where the resultant
table is not explicitly rendered, but instead only the
sum of the WO 2004/027540 PCT/US2002/030656 weighted
numbers is calculated.) In one embodiment, this
represents a point at which  the present invention may
depart from previous known methods that are based on
using biases and/or rules. 



Frequency tables may then be evaluated in the
following manner: any  row or column in the AF table
for the character denoting a gap (conventionally the
symbol is eliminated, which may be followed by
eliminating any rows  or  columns that have a sum of
zero. Then, any table containing either a row or
column  dimension of I or less may be eliminated and
not scored or analyzed further. Finally,  if the
number of counts in the actual frequency table is less
than GOUT percent of the 10 total number of sequences,
the actual freuquency table may be eliminated and not
scored or analyzed further. This may occur it a
position has many gap characters.  GCUT is an
empirical parameter whose default value is -50 and
whose range may be  (0-99). These alterations may be
necessary for logical computational or logical
scoring. 15 The scoring process is then performed as
follows: each of the actual  frequency tables is used
to create an expected frequency table by applying
equation 1: [err] [err] [err] (I) where of (which is
an approximation of u) is an expected frequency of  20
cells in. row i and column j of the expected frequency
table; ii = sum of all counts; I7,, = total of cells
in row i, m-1= total of cells in column. j.(See
Agresti, 1996, An  introduction to Categorical Data
Analysis, Wiley, New York., p16-34, incorporated
herein by reference). The cells in the
expected-frequency table of the preferred embodiment
25 of Shevek contain the values expected purely by
random chance (i.e. without  constraints), given the
characters found in the corresponding actual frequency
table.  For our example, the expected frequency table
for position IxS is shown. in Fig. 9b  and Example 1
herein. Every actual frequency table is then compared
to its corresponding  30 expected frequency table by
applying equation U: 28 WO 2004/027540 (H) PC' [7U S
2002/ 03011 6 given a table composed of I x J cells,
[err] is the value o I' the cell in row  



i, column. j; and [err] is the expected frequency of
the cell in. row i, column j. The  expected frequency
u" is estimated according to eq. (1) above. (Agresti,
1996, An 5 introduction to Categorical Data Analysis,
Wiley, New York., pg. 16-34,incorporated  herein by
reference), A score for each frequency table is the
result of equation IT. By  mathematical formulation, x
scores are symmetric but not uniformly scaled. The X-
score is a measure of the aniount of deviation between
an actual and expected 10 frequency table. This score
will therefore later be used to determine whether or
not  this interaction actually exists. For the example
actual-frequency table 301 in Fig. 3a,  the possible
interaction between positions IiS has a X[err] score
of 24. As noted earlier, a  multitude of' scoring
methods are available (fir`, G', MI, ML, etc, see
definitions of  "Scoring Process," and the Background
of the Invention) which have been attempted 15
previously and may be also applied in accordance with
the present invention.  According to the preferred
embodiment of the present invention, a  Cramer's V
score may also be calculated for every possible
pair-wise combination,  according to equation 111: 20
given an actual frequency table, composed of I x. J
cells: is the statistic defined by  equation 11; ti is
as previously defined in. equation I; I is the number
of rows; J is the  number of columns; and min (X, Y)
is a function which returns the lower of the two
values being compared, X and Y. (Cramer, 1946,
Mathematical methods of Statistics,  Princeton
University Press, Princeton p416-452; incorporated
herein by reference). By mathematical formulation,
these V scores are symmetric and  uniformly scaled
(between 0 and 1), and thus unlike the X' score, may
not require  subsequent standardization. These V
scores will later be used, along with the P scores, 29
NV() 20041/027540 PCT/US2002/030656 to compare all
possible pair-wise interactions. No other known
methods make use of  this scoring statistic. The
following describes the screening process of the
preferred  embodiment of the present invention-. This
process begins with ' standardization 5 procedure,
which standardizes all scores which are not uniformity
scaled. First, each  and every actual frequency table
is used. as input to calculate its degrees of freedom
(DF), according to equation IV: where I and J
represent the dimensions of the table. (Agresti, 1996,
Art 10 introduction Lu Categorical Data Analysis,
Wiley, New York p 16-3 W, Incorporated  



herein by reference). DF is a measure of the
variability in a table. This parameter will be  used
subsequently to make further calculations; it is also
another score for this actual  frequency table (and
thus, technically another score for the pair-wise
combination of  15 positions that the AF table
represents). To summarize, at this point, for every
possible pair-wise combination of positions, an actual
frequency (AF) table, an expected frequency (EF)
table, a X  score, a V score, and DF, have been
generated. These data are linked to each other  will
all subsequently generated information" ; thus, it
should he understood that 20 cafe prizing one piece of
data results in the categorization of all other linked
data. For  example, but not by way of limitation, when
the characteristics of Fly tables are used  to
categorize these EF tables, this will result in a
categorization of all the other linked  data - i.e. if
EF table AxB is placed in category 1, then the
pairwise combination  AxB, the AF table for AxB, the X
",score for AxB, and the DF for AxB, are all placed
25 in category 1. All. possible pair-wise combinations
are then classified into two  categories, Nonnal and
Sparse, according to the characteristics of their
corresponding  EF tables. Each and every- EF table is
analyzed to determined if: (a) more than PCT percent
of cells in the EF table have values  0 greaten than
EXT; and no cell in the EF table has a value less than
MIN. 30 WO 2004/27540 PCT/L 521102! 0 311656 The
parameters PCT. EXT, and MIN, (known collectively as
the  Cochran Conditions) are empirically determined
numbers, which are alterable by  experimentation. See
Cochran, 1954, Biometrics 1:417-451. In the preferred
embodiment, their default values are: EX']-' = 5.0
(Range: 0-201; PCT= 80 (Range: 5 50-100); MW - 1.0
(Range: 0-5). If both of the conditions (a) and (b)
above are met,  then the pair-wise combination to
which that EF table corresponds is classified as
category Normal. If either (a) or (b) is false, then
the pair-wise combination to which  that 13F table
corresponds is classified as category Sparse. Next, to
continue on with the standardization portion of the
screening  10 process, for every possible pair-wise
combination of positions, a x'-distribution is
calculated. These distributions may he calculated
differently depending on the  category to which the
pair-wise combination belongs. These x- frequency  



distributions describe the "scale" of each X,'score,
and are necessary for uniform    scaling. 1.5 For each
and every pair-wise combination in category Normal:
The  distribution is modeled using equation V: = f(Q
(V) where P represents the probability density, given
DF, as a function. of  Q; ~where Q = x` is evident
from the equation, the only information specific to
the 20 pair-wise combination is DF. (Cramer, 1946,
.Mathematical Methods of Statistics,  Princeton
University Press. Princeton, p41.6-452, incorporated
herein by reference).  Solving P for a range of
different Q, results in a probability based x2
distribution. Examples of such modeled distributions,
and horn they vary with DF, are  shown in Fig. 4.
Referring to Fig. 4, the x distribution is modeled
according to 25 equation V. See .Agresti, 1996, An
.introduction to Categorical Data Analysis. Wiley,
New York, page 29. For each and every pair-wise
combination in category Sparse: The x2  distribution
is modeled according to methods as reviewed in
Agresti, Statistical  Science 7:131-1.53 (1992), and
further described in Patefield, Applied Statistics
30:91 31 WO 2004/O27540 PCT/US2002/030656 97 (1981)
and Mehta and Patel, .1 Am. Stat. Assoc- 78:427-434
(I993), all  incorporated herein by reference.
Generally, the row and column totals of each actual
frequency (AF) table are used to generate a numerous
set of tables. (Thus, every AF  table has its own.
numerous set of tables; these tables are generated
such that the S counts found in them are randomly
assigneed, but that the row and column totals found
in them are identical to the row and column totals
found in the AF table under  consideration) A x' value
for each of these random. tables is then calculated,
in the  same manner as described before (equation II).
The end result is a set. of x' numbers - this set is a
frequency based x'-distribution, It should be noted
that for 10 implementation purposes, two factors are
worthy of note: first, the pseudo-random  number
generator used to generate the random numbers for
these tables must be  sufficiently effective such that
its cycle does not repeat; second, this step
represents a  computational bottleneck for the
preferred embodiment. Methods for such  implementation
with consideration of these factors are readily and
commonly known 



15 to those: skilled in. the art of computer
programming. The transformation from scores to P
scores is carried out for pair- wise combinations in.
category Normal according to the method described in
Cramer,  1946, Mathematical Methods of ,Statistics,
Princeton University Press, Princeton  p416-452,
incorporated herein by reference. One form of the
computational code for 20 this method is described in
Press et at., 1988-1997, Numerical Recipes in C The
art of  Scientific Computing. Cambridge University
Press, (www.nr.com) Section 14.4 p14.4  p628-636;
sections 6.0-6.2 p21 2_222, incorporated herein by
reference, Generally, the  area under the
x[err]-distribution, to the right of the line denoted
by the observed x2 score, is equal to the P score for
that pair-wise combination. 25 This transformation is
carried out as follows for pair-vise  combinations in
category Sparse according to the methods described in
Agresti,  Statistical Science 7:131-153 (1992) and
Patefield, Applied ,Statistics 30:91-97 (1981)
incorporated herein by reference. P scores may be
calculated, for example, but not by  way of
limitation, using Exact Statistical methods,
Estimated-exact statistical 30 methods, such as monte
carlo simulation ol'a distribution. Generally, the
number of  times x` values equal to or higherr than
the observed x[err] score occur in the  corresponding
x'-distribution are tallied. That tally is then
divided by the total number WO 200411027-540 of X2
values found in the X2 distribution which corresponds
to the number- of  random tables originally generated.
The result of this division is the P score for that
pair-wise combination. ('The total number of tables
generated determines  the precision of the P score, as
described in Agresti, 1992, Thc user may alter this 5
precision parameter-, however, as will be obvious to a
user skilled in the art., if the  precision chosen is
not greater than the later calculated -logP threshold
value, then no  predictions will be made. and the user
must rerun the program at a greater precision. A
default precision. of 8 decimal places is preferred).
This concludes the standardization  part of the
screening process, To review, X' frequency
distributions have been utilized to uniformly scale
x[err]~ scores, these uniformity scaled scores are
called P scores. By mathematical  formulation, (i.e.
obvious and apparent to those skilled in the, art.) P
scores are uniformly scaled and symmetric. These P
score.-,, alone with the previosly calculated  V
scores., vvill later be used to compare all the.
possible pair-wise combinations. As Is indicated
above., the present invention differs, greatly from
other known methods  because of its use, of uniformly
scaled, symmetric scores. The present invention
accordingly transforms all. scores into P scores that
allow these numbers to be  



subsequently compared to one another. Other known.
methods do not describe the use  Of uniformly scaled,
symmetric scores (e.g. the. Mutual Information, often
denoted as ,)0 NIT, -N'T' Or 1, statistic, is not
inherently uniformly sea-led, and shares many
properties  with the statistic); they also do not
provide any additional. analysis of the data after
this point (finding themselves to simple screens, as
discussed above.) e.g., Gutell et  al.... 1992,
Nucleic Acids Research, 21:5785-5795, The use of
symmetric, uniformly,  scaled scores and their
subsequent analysis, is thus unique to the present
invention 25 allowing adaptation to the deleterious
effects of such error sources as sequence  selection
and evolutionary relationships. In addition, the
present invention does not  require or impose
arbitrary, absolute thresholds. To summarize, in the
preferred embodiment o the present invention,  for
every possible pair-wise combination of positions, an
actual frequency (AF) table,  If ? 3) an estimated
frequeucy (EF) (able, a X- score, a DF, a
X~distributionP score, and a V  score have thus far
been generated  WO 2004/027540 The threshold
determining part of the screening LI process may then
be  performed.... which still simultaneously compares
the P and V scores that have been  calculated- No
other known methods Include such an analysts. in the
preferred.  embodiment of the present invention, this
analysis may be accomplished as allows 5 (and is
described in detail in any introductory statistics
book such as Koopmans,  198-/, lntroduction to
Methods, Duxbury Press Boston.  Chapter 2.1)35-69,
incorporated herein by reference.); first, the -log, o
fall P values i's  taken, denoted logP. Second, the
median of the -IogP scores and the median of the V
scores are determined, Nwhere the median value is a
number such. that 50f% of the 10 scores are less than
or equal to this manner and 50% of the scores are
equal to or  greater than. this number. Quartile (i.e.
4 sections) values are then determined for both  -logP
and V scores; the 1st quartile value (IQV) is the
number such that 25% of the  scores are less than or
equal to this number, and 75% of the scores are equal
to or  greater than this number; the 3rd quartile
value (3QV) is the number such that 75% of 15 the
scores are less than or equal to this number, and 25%
of the scores are equal to or greater than this
number. The difference of the 3rd arid I st quartile
values is kno~Nm as the interquartile range (IQR), and
is a measure Of dispersion: 50"',1) of all scores
fall.  within the IQR, by definition.. Thus., the
distance a given score falls outside the cluster  of
scores (to higher A,values) can be measured by the
number of IQR. ranges the score is 



2) 0 away front the 3rd quartile value. A multiple of
the IQR is chosen for both the -logP  arid V scores,
denoted P-MULT and V-MULT. The default values for
P-MULT is 2.0  (Range: 0-5); the default: value for
MULT is 1.0 (Range: 0-5.). The thresholds for  -logP
and V scores are then chosen as: 0 -logP-Threshold =
3QV(p) + IQR(p)*P-MULT, and(VI) V-Threshold = 3QV(,v)
+ IQR(v)* V-MULT(VII) where 3QV(p) denotes the 3rd
quartile value, for the -logP set of scores; IQR 1 7
_(p)  denotes the, IQR for the -logp set of scores.
3QV(v) denotes the 3rd quartile value foi- the, V
scores; IQR(v) denotes the lQR for the V scores.
Scores which are equal to or l  30 greater than these
thresholds (and all linked data) denote, a subset that
is entitled RS,  for Real/Strong associations. WO
2004/027540 PCT/US2002/030Gc6 5 shows two example
score distributions. Referring to Fig. 5, two sets of
scores are illustrated with the location of the
median, quartile 1. (Ql, referred to  herein as 1QV),
quartile _3) (Q3, referred to herein as 3QV)
indicated. The IQR, the  distance between Q3 and Q1 is
also indicated, and as illustrated, it encompasses 50%
5 of the scores in a set. Again referring to Fig. 5,
scores which are multiple of IQRs  past Q3 have values
very different from the majority of scores. Fig. 5
also illustrates  the adaptability that the threshold
determination of the present invention possesses by
showing that the median location of a set of scores,
as Well as (heir distribution, Can  affect threshold
determination. See Koopmans, 1957, Introduction to
Contemporary  10 Statistical Methods, Duxbury Press,
Boston, p46. It should be noted there is no a priori
reason that these thresholds must  be simplistically
described by a limit. However, a limit may be set. The
essential  mechanistic step is to compare the scores
from all possible interactions, in order to  determine
threshold values that act as a boundaries between
scores that cluster 15 together (denoting false, weak,
background associations) and higher outlier scores
(denoting real, strong associations). The degree of
error in this boundary assignment  may determine the
amount of false-positive and false-negative
predictions that may be  made later iii. Shevek.
Finally, visual distribution analysis may be useful to
supplement this process, or further mathematical
analysis (density analysis, such as 



20 the use of Barlett Window functions). Having
completed this preliminary signal/noise analysis,
resulting in a  preliminary list of pair-wise
combinations that designates real, strong interactions
(RS), this list (RS) may be further refined to
eliminate scores resulting from chain  effects, as
follows: all scores that have at least one position in
common are placed in a 2.5 common group; because each
score is for a pair-vise combination, it follows that.
within each group there may he scores without a
position in common to another score,  but are linked
indirectly through other scores. Consider the
following hypothetical RS  list, where the two
positions being scored are designated Post and Post, V
is the V  score. -logP is the -log of the P score, and
DF is the DF score. WO2004,1027540 PCT/US2002/0306-56
10 combinations 1 Pos IPost-IogPDI 5.526.224
10.545.1120 10.606.164 9.656.290 In this case, two
groups are present: the first consisting of pair-wise
-5, 3-10, and 5-10 (because 1-5 and 5-10, share the
position 5 in common, and 3-10 and 5-10 share the
position 10 in comnon); the second group  consists of
only the pair-wise combination 7-9. For each group,
the "pinnacle" member of each group is chosen in n the
following [Wanner: -loge scores within each group are
compared; the highest -1ogP  15 score (and its linked
data) are retained, all other pair-wise combinations
are eliminated front the group. If more than one
pair-wise combination remains, then DF  scores for the
remaining pair-wise combinations are compared; the
lowest DF is  retained, all other pair-wise
combinations are eliminated from the group. If more
than  one pair-wise combination remains, then. V
scores for the remaining pair-wise 20 combinations are
compared; the highest V score is retained, all other
pair-wise 95 combinations are eliminated from the
group. If more than one pair-wise combination  remains
in the group at this .1 uncture, then all are retained
because calculations may  have error, it may be useful
when selecting the highest -logP, the lowest DF, and
highest V score, to allow for some error in these
scores. A suggested error range for  the best -log P
score is -[0-1.5], with a default value of 0; for the
lowest OF, an error  range of+[0-2] for each dimension
(I,3), with a. default value of+1 for each  



dimension; for highest V, an error range of -[0-1],
with a default value of 0. In this  manner, the
pinnacle member of each group is chosen. It may be
reasonable at this  point to eliminate pair-wise
combinations whose DI; score is greater than DFMAX. 30
DFMAX is an empirical parameter whose default value is
1.50, and whose range may  be (2-361). This concludes
the screening process. The pair-wise combinations
that.  remain on the RS list comprise the initial.
output predictions of the preferred  embodiment of the
present invention. The application of these predicted
interaction results are beyond the 35 scope of the
present invention, but are obvious to the skilled
artisan. The uses of these 36 WV() 20041027540
PCT/US2002/030656 results are numerous, lncluding but
not limited to, structure prediction, analysis of
existing structures For important motifs or regions,
and the prediction of biochemical  and biophysical
interactions between macromolecules. At this juncture,
or previously in parallel with steps 3-7 in Fig. 1,
sensitivity measurements of all scores may be
performed. This may be performed according to the
methods for bootstrapping described  8:589-599,
Incorporated herein by reference. Generally, a random
subset of the  initial sequence alignment (i.e. a.
subset of sequences) is repeatedly taken, and the
above processes (steps 3-7 in Fig. 1.) performed. A
count of how often the same 10 predictions occur is
made. Predictions which repeatedly occur are robust --
signifying  predictions to be taken most seriously;
predictions which occur infrequently are  sensitive -
signifying predictions with less value. The preferred
embodiment of the present invention also comprises a
prediction methodology comprising a process for
reviewing the initial alignment and  15 identifying
possibly misaligned sequences (the "misalignment
process"). These sequences can then be eliminated or
re-aligned, resulting in a new sequence  alignment.
This allows for the present invention to be iterative,
successively analyzing  sequence data, making
predictions, and then refining the sequence data, and
so on,  ultimately preferably resulting in more
accurate predictions. It should be noted 20 however
that because this misalignment process requires the
predictions made in the  previous iteration, it may be
dependent upon the previous predictions. The
misalignment process is as follows: for each of the
real, strong  associations identified at the
conclusion of the above screening processes (the
refined  



RS list), there exists the corresponding actual
frequency table that was created at the  25 beginning
of the process. Using each of these actual frequency
tables as input, a corresponding  set of adjusted
residual. (AR) tables are created. Each AR table is
created using  equations VIII, LX and X: 30 w here
rte, [err] are as defined previously in equation II;
and pi and p-,; are defined as: 37 WO 200-l.027540
PCT/US2002/030656 r1+ n, (IX) p'-1 I (X) Where
n..1.,., 11+1, and n are as defined previously in
equation 1. (Agnesti,  5 1996, An introduction to
Categorical Data Analysis, Wiley, New York, p14-34,
incorporated herein by reference). A nonlimiting
example of an AR table 62 created from an actual
frequency table 61 is shown in Fig. 6 (note. that in
Fig. 6, the sequence positions are,  designated by
numbers rather than capital letters). The value found
in each call. of an 1.0 AR table 62 is a measure of
how much that particular cell contributed to the
scores  received by the corresponding actual frequency
table 61. In the preferred embodiment, the cells in
each AR table are (i.e., "less  than or equal to")
then classified into two categories (each AR table
having its own.  two categories): all cells whose
|value| ARTHRESH are placed into category 15 GOOD and
all cells whose |value| ARTHRESH are placed into
category  MISALIGNED. The default value ARTHRESH is
1.0, with a range of (.1-3), and is  a suggested,
alterable empirical parameter based upon statements
made in Agresti,  1.996, An introduction to
Categorical Data Analysis, Wiley, New York, p 16-34,
incorporated herein by reference. 20 Cells in category
GOOD identify character combinations that actually
occur for the given interaction - these combinations
will be used later as suggested  alternatives for
sequences that are determined to be misaligned. They
also describe  molecular interactions that exist in.
nature and can be used to analyze known  structures
and to create an. unbiased database of molecular
interactions, in a manner 25 obvious to the skilled
artisan. Cells in category MISALIGNED identify
character  combinations that are the possible result
of misalignment For every character combination in
each category MISALIGNED (for 



each AR table:), a search of the sequence alignment is
then performed to identify the  names of every
sequence containing those particular characters at
those particular 30 positions. The end result of all
such searches is one combined table comprised of
sequence names, the MISALIGNED character combinations
appearing in those  sequences, arid the positions
where those characters appear. 38 WO 2004/027540
PCT/US2002/0311666 This table is then used in the
following manner in the preferred  embodiment of the
invention: (A) All sequence navies that occur at least
REPEAT  number of times may he identified as
misaligned. (REPEAT is an empirically  adjustable
parameter with a default value of 2, and a range of
1-10) Correspondingly, 5 the table data associated
with these misaligned sequences are now designated as
misaligned characters at specific position-pairs. (B)
The position-pairs at which These  sequences are
misaligned are then used to identify the corresponding
previously  calculated AR table. As was stated before,
category GOOD character combinations  denote suggested
alternative combinations for that region of the
misaligned sequence. 10 For each such identified AR
table these category GOOD character combinations are
ran]: ordered from positive to negative, denoting
better to worse alternatives. Thus finally, for each.
identified misaligned sequence, the following  may be
output: a) Misaligned Sequence Name; b) The misaligned
character  combinations; c) The position-pairs of
those character combinations; and d) suggested  15
alternative character combinations. Commonly known
alignment tools or visual inspection are two  possible
methods that can. utilize this data to adjust the
sequence alignment. Sequence  Alignment Editor, Se-Al,
for Macintosh (1)S, by Andrew Rambant, Department of
Zoology, University of Oxford, Oxford, UK,
evolve.zoo.ox.ac.uk, 20 Andrew.rambaut.zoo.ox.ac.uk,
is one such editing software. Realignment may be
accomplished in the following manner: for each
misaligned region in each rnisaligned  sequence,
neighboring characters that match the suggested
alternative characters may  be identified. Through the
use of gap insertion or gap deletion, in a manner
obvious to  the skilled artisan, the suggested
character may be placed into the proper column, and 25
the character designated as misaligned from that
column may be displaced. However,  it should he
understood that if an inordinate number of sequences
(a good rule of  thumb is = 1.0%) are misaligned, or
an inordinate number of sequence regions, it may  be
concluded that the entire initial sequence alignment
is flawed; consequently, surer  



the calculations made by Shevek were based on a
largely flawed set of input data they 30 too are
most-likely flawed. In this circumstance, the
predictions should be discarded,  and an a new initial
sequence alignment created, with due consideration
being given y9 WO 2004/027540 PCT/US2002/030656 to the
essential methodological points raised in Phillip set
et al, 2000, Mol Phylogenet  Evol 1.6: 317-330. Once a
new alignment is created, another Iteration of Shevek
can be,  performed. In this manner the method. of the
present invention can be iterated, until no  more
sequences are found to be. misaligned or can be
realized, - the predictions made  by shevek with that
final sequence may designate the final interaction
predictions. It will be appreciated by the skilled
artisan that the above-enumerized  steps of the
present invention may be practiced in differing order.
Generally, actual 10 frequency tables are generated
prior to the expected frequency tables- The
calculation  of DF or its equivalent, need only be
preceded by the creation of the actual. frequency
tables. The calculation of X_' or its equivalent, need
on1y be preceded by the creation  of the actual and
expected frequency tables. The calculation of V or its
equivalent,  need -only be preceded by the
calculation. of Z' and its dependent requirements. The
15 classification of pair-wise combinations into
categorics Normal and Sparse, need only,  be preceded
by the generation of expected. frequency tables, The
creation of the X  distribution 14 normal tables need
only be preceded by the calculation of DF and its 2
dependent requirements. The creation of the
distribution for Sparse tables need  only be, preceded
by the creation of the actual frequency, table. The
Calculation of P  -)0 scores need only be preceded by
the calculation of x[err] scores and y, distributions,
and  their dependent requirements. The threshold
determiniing process need only be  preceded by
calculation of P and V scores,, or their equivalents.
Any sensitivity  process may proceed Hi. parallel with
the above calculations or following the  conclusion of
the securig process. 25 It will be appreciated by the
skilled artisan that certain steps of the  method of
the present invention may be omitted without departing
from the spirit of  the present invention. First, the
misalignment anti sensitivity processes may be
omitted, although error may be enhanced; Second, only
a minimum of one score. need  



be calculated-, althoughi error may be enhanced -
consequently, steps required for the 2 1 30 generation
of other scores may be omitted. Third distributions
may all be calculated according to the method for
Sparse tables- thus, the calculation of X_-
distributions for Normal tables may be omitted; in
this case, error may not be 40 WO 2004/027540 PCT/US
enhanced, although computational time may be
increased. Correspondingly, when the  distribut/ions
are calculated curly according to one method, the
classification of tables  into categories Normal and
Sparse' may be omitted. The steps of the
above-described method are preferably performed by a
5 computer. In one preferred embodiment, the computer
is a Dell Precision 430 dual  processor Pentium. T I 1
1'\9 3 A 1 workstation Use ,f the ^^ ; .ice alignment
for .r ,3_ z k to 17. e. gm r._  software, Se-Al, may
be performed on a Power Macintosh 8600/300 Power PC-
When the method is performed by a computer, the
above-described method steps are  embodied in a
program storage device readable by a machine, such
program storage 10 device including a computer
readable medium. Computer readable media include
magnetic diskettes, magnetic tapes, optical disks,
Read Only Memory, RAM, Direct  Access Storage Devices,
gate arrays, electrostatic memory, and any other like
medium 15 The source code of Shevek is appended hereto
as Appendix A.  Although o/nly preferred embodiments
of the invention are specifically described above, it
will be appreciated that modifications and variations
of the  invention are possible without departing from
the spirit and intended scope of the  invention. The
following examples are provided to more clearly
illustrate the  20 aspects of the invention and are
not intended to limit the scope of the invention.
EXAMPLES 25 Example 1: Prediction of secondary
structure of Domain Five of the Group II  catalytic
RNA A15^' Ribozyme using the Shevek method Ribozymes
arc a novel class of RNA. and are useful in
understanding  genomic change. The region of the group
II A157 ribozyme responsible for its  catalytic
reaction is domain 5; however, there does not
presently exist a known  



structure of the domain five (V) region, either
through crystallographic or  spectroscopic methods
(i.e. NMR). What is known concerning the structure of
this 30 region has therefore been determined only by
difficult, biochemical techniques (e.g.  solvent
accessibility tests, etc-), which took months to
perform. See Konforti et al-,  1998, Mol. Cell
1:433-441. The exemplary embodiment of the present
invention, in a 41 WO 2004/0275-10 PCT/US2002/030o56
matter of hour:s, calculated many of the important
biochemically determined structural  lectures of this
region, With a specificity of 100+, ---- notably,
without heir.`/ aware  that the sequence was RNA and
without an understanding of the. traditional Watson-
Crick base-pairing rules that often govern folding.
Consequently, the ability of the 5 exemplary
embodiment of the present invention to perform this
structural  detemination using methodologies that
treated the sequencedata as sets ;~l "meaningless
symbols" indicates that the present invention can be
applied to  biopolymers in general, for the reasons
previously described. Biopolymer data of 126 sequences
related to the A15[err] D5 region were  10 obtained by
searching the NCBI database
(http://www.ncbi.nlm.nih.gov/) for similar  sequences
or sequences already identified as being to Group II
ribozymes. See step 1  in Fig. 1. These sequences were
then aligned using the CLUSTAL X[err] software,
obtained from
ftp://ftp-igbmc.u-strasbg.fr/pub/ClustalX/. See step 2
in Fig. 1. This  resulted in the sequence alignment
shown in Table I below. See step 3 in Fig. 1. 15 A
file containing this data set r vas then read into
memory and analyzed  by Shevek algorithms. The primary
purpose of the following description is to  illustrate
further the preferred method. The set of non-redundant
two-way combinations of positions (possible
interactions) produced by the Combinatorial Matching
Process of the present 20 invention, is shown below In
Table 11. See steps 4-5 in Fig. 1. Numbering
corresponds  to the position number from the alignment
in Table 1. For each of the interactions, an actual
frequency table was produced, a  few examples of which
are shown in Table III (step 5 in. Fig. 1). 1225
actual  frequency tables were generated by the
AI5[err] data set. 25 The Shevek method then performed
the calculation of scores and their  standardization
according to the methods described above (Equations
1-V). .See steps  6-7 in Fig. 1. Note that the
precision of the P scores was set to 7 decimal places
(Thus,  no P score has an. value less than 0.0000001.)
Examples of scores and standardized  



scores, are shown in Table IV below. This table is not
comprehensive but is instead 30 illustrative. For each
of the interactions (Table If) scores were calculated.
The Shevek method then performed its threshold
determining process,  and calculated the following
values: -logP Threshold 5.6; V 'threshold 0.45, See 42
WO 2001/0_215411 PCT/US2002/030656 Fig. 7 for
illustrative graphics of the -logy score distribution,
the V score distribution,  and a -logP versus V plot.
These plots have been generated for the purpose of
reader  comprehension and arc not necessary or
produced by the Shevek method itself. Lasing  the
above thresholds, the Shevek method then eliminated
all pair-wise combinations  5 with. scores below these
thresholds, resulting, in an RS list. The RS list for
this example can he seen it Table V. A chain
elimination process was then performed, resulting in
the,  grouping of the pair-wise combinations where
scores having a common position were  grouped as shown
in Table VT. After the scores arc grouped, a pinnacle
association is 10 determined in any chain of
associations, The pinnacle association may be chosen
first  according to the highest P. then the lowest DF
and then the highest V. When the  pinnacle association
of each group was chosen as described above, this
resulted in the  list of predictions shown in Table
VII. The Shevek method, upon output of the above list
of predictions, then  15 began the misalignment
process. For each of the actual frequency tables
associated  with the previously predicted
associations, an AR table was calculated (equations
VIII, f)_ acrd X), each cell in each table
corresponding to one in the related. actual  frequency
table. See Table VIII for these AR tables. Cells
having an |AR| value <=  ARTHRESH, where the default
value of 1.0 was used, were identified_ These cells ?0
correspond to character-character combinations that
belong to possibly misaligned  sequences were
designated category MISALIGNED. The 3 highest AR
values in each  table were assigned in order to
category GOOD. Using the methods previously
described, the sequences responsible for the counts in
MISALIGNED cells were  identified. Sequences
identified a minimum of REPEAT number of times, where
the 25 default value of 2 was used, are considered the
most-likely to be misaligned. Table LX  is the
misalignment output (step 9 in Fig. 1) of the
preferred method. Four sequences were identified as
misaligned. These sequences were  inspected and edited
using the sequence alignment editor pro? am Se-Al, as
described  previously. [Sequences #43 (_ZPU16993_cox2)
and sequence #52 



30 (_BVSCOXIII cox2_1) were noted to be misaligned and
realigned (see Table X).  Sequence #I6(DRP130746_Dp_
nad5) and sequence #73(petB_ 45 ) were noted to be 43
WO 2004/027540 PCT/US2002/03065( unusual, but not in
need of realignment] The entire Shevek process was
then repealed  on the altered sequence alignment data
set i.e. the process was iterated. The results of
iteration Lire apparent in Table XI (compare to Table
V),  the new RS list, and Table XII (compare to Table
VII), the new list of predictions. It  5 is notable
that the inclusion of a misalignment process not only
results in better scores  for Previously known
predictions (e.g. the V score for 15 x 33 went from
0.55 to 0.59); but more importantly, two previous
missed interactions are detected: 5 x 45 and  13) x
35. Thus, the predictions of the Shevek method have
been enhanced via  iteration. 10 1 This 2[err] set: of
predictions was then applied by the user in the
following ma tier: the distances between all positions
predicted to associate were  minimized, allowing the
biopolymer to collapse. This resulted in the structure
show  in Fig. 8(a). Fig. 8(b) is a diagram of the
biochemically determined structure of this  same
region (Konforti et al., 1998, 9101. Cell 1:433-441).
An overall comparison 15 reveals striking similarity.
However, even more important are the following
observations: classic RNA. folding is often done
according to base-pairing rules;  However, in region
II, it is ambiguous according to such rules whether or
not the U  pairs with the G across from it (in what is
known as a wobble pair) or instead pairs  with the A.
across from it (in a more classic Watson-Crick
manner)- As this interaction 20 occurs at the "kink"
in the molecule, any attempt to model. this region
requires this  ambiguity to he resolved.
Biochemically, this was resolved by testing the
accessibility  of these units to chemical
modification. For Shevek, this ambiguity, which
required  lengthy biochemical analysis to resolve by
previous methods (Konforti. et al., 1998,  Mol. Cell
1:433-441), was quickly and easily solved. Shevek
determined the correct ?5 interaction, the U-G
interaction, over the U -A interaction.  In addition,
the "G" in region I (see Fig. 8(a) and 8(b)) has
previously  been identified thorough biochemical
analysis to be involved in the catalytic reaction  of
this ribozyme. See Konforti et al., 199 Cell
1:433-441_ It is therefore an  unusual unit. Further
studies suggest that it may be "flipped out" and not
undergoing 30 an interaction with the opposite "U".
Classic analysis using lase-pairing "rules"  



suggest an interaction between. this C and U. Shevek,
in accordance with known  studies, correctly does not
predict an interaction between the G and the U units.
Thus 44 WO 21004/0-27-540 PCT/US2002/030056 Sheveck
has predicted not only correct associations, but also
has correctly highlighted  units of particular
functional interest. The specificity (accuracy) of
Shevek, defined as the number of  predictions that are
true over the total. number of prediction, for this
molecule is 5 100%, The sensitivity (coverage) of it~
predictions, however, can only be estimated  based on
what is known about the structure., and is 761%..
Taken together, these date show that the exemplary
embodiment of the  present invention is able to
predict interaction in an accurate, more, time
efficient and  easier manner than previously described
methods. The inclusion of ail adaptive 10 screening
process and misalignment process are central to such
abilities. In addition,  the present invention. is
capable of accurate and. efficient interaction
determination  using a biochemically-neutral,
1101)-biased, "no-rules" approach, indicating that the
present invention is Useful fol.- predicting
interactions for biopolymers generally and  for
predicting I I _. heterobiopolymer interactions 45 WO
2004,027540 TABLE I Sequence Alignment Data POSITION
1111122222333334444.1 02461024680246$0246S02465 10 1.5
Sequence of interest: PCT/US2002/030656) ai5gamma ----
GA.GCC(;TATGCGAT----- GAAA----OTCGCr1C(i']'ACG(iT
1'C'--T Functionally Related Sequences: MICL(11..FI
ndli1 (F1 GAG'(:CACA'1'CC.A.GG----- GAAA----
C-]TU(.'ACGTC,TGGTTC-=I'  1\M]1ZI~1CO cox2 1 02
(iAGC'TI"f"1'"I'GCCiIiG GAAA --CTTGCAr1(~TCAr1CiTTT G



r)CCOX1.1-cox2.1 ---- GAGC']TTTTGC(;
GG-----GAAA----CT"fGCr1AGT1(;AGTTT-.C1  1IIT.ICOII
cox21 GAG('TTT'I"1'OCGGG ' ' GA41C  _-----']'--(i
1"CUCAAG iCAAGT1  ?(1 MIl'I-1C021 cox2 I ----
GAGCT`j"1TTGCGGG-----GAAA---- CL"TGCAAC',TACAG'I"IT--G
lt1IC>SOl Os cox2 ---- GAGC'I-FTTTC;(.'(;
GG-----G.AAA---- CT7'GCAAGTA:IACT TT --(1  AfIHA.COXII
cox2 _ ----GAGCTTTI`rGCGGG----- GAtlr1----
CI'T(YC,.4AGT~ICAGTTI--(  _NIIDBG2IA_nad5-1 '(13 -----
AGCC(GTGTGrl7(;G------iAAA----CCTTCCCGCACGG'[-TC--G
MT'v'FNAD5 nad5 ] CGAGC(GTG1'Gj\TGG-----
GAAA----CCITCCCGCACGGI"l'C,-C; 25 MIATNAD5A nad5 ]
---- GAGCCGTG'1'GATGG-----GAAA----CCT1
CC..CGCACGGTTC--G  TSPI3I146 nad5
---(iA.G000I'A-TGCGAG-----GAAA----CTTGCACGTGCGG'I"fC-T
TRAI3II45_nad5 ---- GAGC'CG'TATGC;(r.AG-----G,A.AA----
CTTGCACGTGCGGTTC--T  ASP130735 Sc nad5 ---- GAGC'C;
GTA'i'GCG G-----GAAA----CITC3C;ACGT(3CGGTTC--'I
SA.U131147-nad5 ----(r.A.GCC:GIATGC'(
AG--..--GAAA----CTTGCACGTGCGG`17C--T 30 A.CV 130 7 37_
Ap_nad5 ----GAGCCGTATGC'GGG-----GAAA----CTT
CACGTG('GGTTC..-`l'  GPRI30746 Dp_nad5 ----
GACiCCGTA'I'(iCG:AA----GGAAA----
C'1TGCACG`I'0CGG1"1'C--T  \1NAD5 An_n.>x15
---GAGCCG'I'ATGCGAG----- GAAA----
C]"FGCACGTGCGG`I`1'C--T DSP130747 Dd nad5
----GAGCC'(iTATQC(AG-----
('1AAA----CTTGCACGTGCO(,TTG-T  SA1I131144 nad5
---GAGCCGTAT(iCGAG---- 3 5
11----CT`1'(iCACGTCiCG(TTTC-'I'  AF143,4221'c_rrad5
----GAGC;CGTGTGATCiG----- Grp.AA----
C'CTCCCCGC'ACGGT1'C--C,  AF1-134223 _Pa nad5 ----
(iAGCCGF'GTGA'I'GG-----(rAAA----
C:CTCCCCGCAC(iCil-'C--G  AF 143424_Ca_nad5 ----
GAGCCGTGFGATGG----- GAAA---- C'CTCCCCGCACGG'TI'G-G  A
1~ 143425_C'p -nad5 ---- (iAGCC'Ci'1'GTGA'1'GG-----
GAAA---- ( CTCCCCGCACG(.i'1TC--G  AITP,4C'G nad5 4 08
GAGCCGTA'L'GAT(iG----- GAAA----CTATCACGTACGGTTC--(.i
40 MIATGENA_nad`/_l ---- j'
GAGCGCATGC'GGG-.---(AG.A----CCCGCACC TAC'GGJTT--T
ti~L1'TGENC n tjd3 t'r1G(,C.
t~T_t'1'(,r1k(GO-----GAAA----CTCTC.ACGI'ACAGTTI--(i
-_ ---- (iA GCCG'1'C1T_4 A'I'GG-----GCA
A----C]'AT'fTCCiC'.ACGG'1-1'C;--G  NHHATGENA. nad4_3
---- GAGCC1AGTGATAG----- GAGA ----
('TATC']'AGCTTGGTTC'--G MPOA4'r0Gnacl'4
GACiCCGTA'rGCGAG-----GAGA---CTTGCACGI _ACGGTTC--G  45
MISCi3-cox 1 1_04_
----AA(CC(rCATGr1.TGG-----GAAA----CTA'1'CACGTAC(iGTTT-
-G  



R1']'PACG coil 1_07 ----GAGCCGTrl']'CiCGGT-----
GAAA---- GTCGCACG7'ACGGTTC--(i  MTPCCOX1 00x_1 I ----(
iA.(TCCG`TATGCGGT-----(i:AAA----G'1'CGCACGI'AOOG'I-I'C
--G  SPO251292_cox 11 ---- GgGCCGTATGCA'1T----- GA-AA
---- GAI'GC.-AC'GTACGGTTC- 'I'  MLKL.COXI-Cox I I ----
GA(;CCGTA.TGATAT----- (IAAA---
G'I'ATCAC'G`FAC(iG1-l.'G-G 50 itiII SC13 00xI_2 05
__--GAGCCGTATGATAT----- GAAA---- GTATCACGTACGGTTC--G
MTPACG_cox 1_4_06 ----GAGCCGTATGCAGO----- GAAA----
CTTGCACGTACGGTTG-G  AMU4128R Am-cox1-3
----GAGCCGTATGCGGT----- GAAA----G'1'TGCACG`1'ACGGT]'C'
G  NIISPCCi_coh_09 ---- CIAGCC'(T]'Af1AAT7'A----
CG-AAA---- GTA'I'CC('GTACGGTTG-G  CIINTXX- Fps] 2 10
----AAGCCG]'ATTCGAT-----
GAAA----G1'CGTATG'I'ACGGC'.'i"l'--G 55
CJISORPS-r-ps122211
----AskGC'CGTA']`l'CGAT-----GAAA----GTCG'I'ATGTACGGCTT
--G  CHZMX L - ) - 2 12 ----AA(CCGI'ATTCG_AT-----
GAAA---- GT(GTATG7'ACGGC'I"1'--G C:1 fib]PX'i_Ips12 2
13 --..-AAGCC'GTAT`I'CG1"I------
GAAA----A'rCGGATGTACGG']TT--G  ZPU16993 C X2 -----
GAGC-N-T1TGCGGG---- GkArl -(.'TTGCAAC'1TCr\r1GTTT--G
AFOSOOS7_Or_rp.s3 ---- GAGCCGTGTGATGG-----Cr I'GA----c
-TATCCAGCACGGT''C--G 60 CHN'1'X-T;_ hi]_ 14 ----
GAGCGC'AGI'ACAAC----GGAGA---- (.TTGTATGCTGC=(iTTC--G
CFI7_.IV'L}CX ttnl 15 GAGC(iCA(iTAC.41C---- GGGGA----
GT'TGTA'FGCT(;CGTTC:--G  CHMPA tniI 16 ----
GAOCGCAG'1'ACAAC---- GGAAA----(i'FTGTATC;CTO007TTG-(.i
Vr'.[-ITCI''fRNI tm] ----GAGC[;(~AGTAC;
.4AC----GGGCiA---GT1'Gi',4'rGC:'1'C:iCGT`I'C: -G 46 WO
2002/027540 PCT/US2002/030656 CHNT,XX trnA. 17
---GAGCA( AGTACGAT-----CTA;AA---Gi'TGTAA-GCTGTGTTC--G
CRZN4, X_trnA. }8_ ----GAGCACAGTACGAT--_.._GAAA----
GTTGTAAGCTGTGTTC..-G CHNIPXX tmA~ 19GAG('AC;A(;
"]'ACGAT c1A!~A CTITGTAAGCTGTGTTT--C_; 513VSCOXIII
cox2 ] ----- GAGCTTTTTGCGGG-.-GAAA----
CTTGCAAGTAC.AGTTT....G CHNTXX IrnK_26--
AAGGCCG1'G1'000AA.7'-----(;
AAA---..AA.TGCAAGCACGGCTT--G C]-ISATRN1ti tmK 27
----A.,AGCTGTGTGCAAT----- GAAA---- AATGCAAGCACGGTTT--G
CHIvIPXX (rnK-2 8- .. AAGCCGTA'ftCAC;]------AAAA-
A.TTGCAAGTACGGTTT--G 0CHN'1XX_atpF_29_
----(',AGCCAAATGAATC----- GAAA---- GATTCATGTTTGGTTC--G
(;1 IPSATPG aEpF 30 ---- GAGCCAAATGAATT-----GA
l"I'I'Ci(r7"I'C--Ci 



SOL400848 alpF 31--- GAGCC'AAAT'(;
AA'1`l.'----GAAA-_..-AATTCACGTTTGGTTC--C3
CHHTAATPI_atpF_32 ----(;AG(;
('AAA`Pr_,AATC-----C-AAA---- GATTC'AT(=TTT(JCFT_'-_G
C.'1'I A9I'X.h. at11F_33_ _- A AGCCGAATG!LAT] ---
-GAAA----t1CI i'I ('A I G I"[ I;GCI 1'I"I --CI
11VU010573 atp9---- GAGCCAAA
FGAA'1'C-----(iAAA----GATTCA.TGTITGGTTC--G
15CHNTXX_rpl2 34 ----AAGAA(I
FATGCTTT-----GGAA----GAAGCTTGTACAGTTT--G CHMI'XX_('p
r}}l2---- AAGCTGTATGCTT------ GAAA---
A!IAGC:'1']'Ci'1'ACACiJi 1'--G IvIIATGENA rp12_1 -----
CTCACGT.kCGGT-fC--Ci SC'EOl 1856_c.yti3_37 ----
GAGCTGTATACTAT-----GAA.A---- GTAGTAC'GTACAGTTC--T
0CHNTXX . -rpsl6--38 ----GAGCCGTACGAG(;A-----
GAAA----(3C]`I'CCTA]'ACGTTT('--T CHNTXX_rpoC1_39_ ----
GA(iC('GGATGAAAG----- GAA A----CTTTCACGTCCGATTT--T
SOL400M rpoCT.-_10---- GAGCCGGGCGAGGG-----GAAA---i;
TTI'CACCT'T'CC(TGC']"l'--`I' C'HMPX:XrpoC1. -41
----GA(CCGGATGACGG----- AAAA---- CTTTCATGTCCGATTC--T
CHb/ll'XX arfl35 42 ----A
AGCCATACAGAGTT----GAAA----ATATCATATATGGTTT--T Cl-I
NT'XXpe(1T43
----GAGCTGTACGAGA'f-----GAAA..--_Ci-]'CTC'A'1'AI
SOL400848 petB_44_---
CAGC'I'GI'ACGAGA.T-----GAAA----GTCTCATATACAGTTC--T
25CH7ACO pett3_45_GAGCCGTACGAGAT----- G:1AA----
"I"T-rTCATATA.CGGTTC--- CHM;IPX}X_petB 46 ---A
AGC'}'i3'1'AAGA'1TA-----TAAA----TAA.TCATTTACGGTTT--T 4
7 / ----(iA(iC:'['GGATGA.TTA----AAA
A---TTATC?.TGTCCAGTTC--C tit)1.400848yetlD_4S
----GAGCCG(;ATGATGA----- AAAA----T`1'A '--'1
30CHZMXX_pctD 49 ... GAGCCGGATC;
AT(3AA-----AAA----TTCTCATGTCCGGTTC--C
CH?\41'X:XpetD-5(}-__-_GAGCCGGATGATAT-----
TAAA----TTATCATGTCCGATTC--T C1-INTX,\ elpP--1151 ----
GAACCGTATGCA`I'C'---- .AAAA--- GGOGCA'hG`I'AC.'GC
I"["C--C 



CH M]'XX clpl'_] 52 ----AA.GCTGTAT000CTT----GAAA----
AGTGCTTGTACAGTTT--T 5CHNTXX _...yci3,- 53
----GAGCCGTACGAGGT---AAGAAA---- TTCTCAA('r`I"A(
(iCi"i-I'C- C'HNTX:S:_rpI l 6_54_ ----GAC;C:f'GGA.TG
A.GAA.-----GAAA----CTCTCACGTCCGGTTC--T CRZMXX_rpl]
6_55----GA.GCTGGATGAGAA----- GAAA----C]'C"
f'CATGTCCAGTTT--T CHSOLIb_rpl16- So ,
----GAGCCGGA'fGAGAA.----- GA . AA----CTCTC.ATC;
TC:CGGT"1't -I CHMIPX_X rpiI6-57_ ----(IA(;('(;
G(iATGAAT----- CAAAA----- TTTCATGTCCGGTTT--T 0CHN'IXX
ndhl 58
----GA.GCCGTATGAGA'T-----GAAA----ATCT'CACGTACGGTTC--T
CIJMPXX ndli1 59 ----GAGCCGTATGAAAT----- GAAA---
A`CTTCA`I'(`fACC;Gi"I"I'--']' CHNTXX ndh2 60----(;
AG000TGTGAGAT-----GAAA---GTCTC'ATGCACGGTTT--T C1.1MPXX
ndh2 6I
----GAGCCGTGTGAATI'-----GAAA----A'I'("I'CAIGCACGG'fT1
T OBENAD202 nad2 4
----GAGCCG]'A.TGATGG-----GCAA----CTATCTCCTGCGGTTC--G
5C'IlN"1'XXycf3_1 62
----GAGCCGTATGAGGl'-----GAAA----A'1'C;
l'CACGTACGGTTC--T CHIviPXX ycf3 I 63
----GA(JCCGTATGAAGT-----TTAA---- ACTTCATGTACGGTTT--T C
:I-1N'1'XX trn(; 64---GAGCCGAATGAAA(----C'CAA---- G'I"
_CHTATRN1_lrnG_65_ ----GAGCCGAATGAAAT----- CAAA----
ATTTCATGTTCGGTTT--T CHivllXX trnG 66
----GAGCCGAATGA!1ACi AAAq C'"[`l"CACG TCGG'l-f'I'--`'
0NIPOIAITCC; trt3G ---- GAGCCGGA'1'GAGGGA----
GAAA---TTTCTCACGTCCGGATC--T' CHNTXX _-_rps12_]_67
----GA.GCCCTATGAGGI'----GAAA---- A i C I
CA'1'GT'ACGGTTC--T CI-IMI;XX
rpsI2_I_6h---AAGCCGTATGAAAT-----GAAA---ATATCA.AGTACGO'
I"1"I I'
CIIZMXX_rpsl2_169_----GAGCCGOATGA.GGT-----GAAA----ATCT
CATGTACGGTT'C--T AMU41288_Am ml ----
GAGCCGTATGAGAT-----GAAA---- GTTGCACGTACGGTTC--T
A.F029891_Cp_srRNA.I ---- GAGCC'GTA]'GCGAT-----
GAAA---- GTCGCACGTACGGTTC'--'1' 



TPSSRRA ssurRNIA ---CTAG(.;CGTATGCGAT-----GAAA----
GTTGCAC'GTACGGTTC--T 55AF087656 Aa srRNA ----
GAGCTGTATGC;GAT----- GAAA---- GTC'GCACGTACA.GTI'C'--I
AF02989ICp-srPNA2 ---- GAGCCGTATGCCA'T-----GAAA----
GTGGCACG`IACGGTTC--T P1.RRNA23_hn_1
----CAGCC(I'C'r'1'GCGC;
T-----GAAA---GTCGCACGCACGGTTG--T PLRRNA2 3 1rn._?_
---- GAGCCGTGTGCGKI-----GAAA----
GI'C'GCAAGCACGGI"fC--'C 601'LRI:NA23 Im 3
----GAGCCGTGfGCG'1T----- GAAA---- GATGCA.TGCACGGTTC--T
P1.RRNA2Urn-4 -.--GAGCCGTA-TGAATG---GAGA ----
C.ATTCACGTACGGTI`T-.-'f MISOLSUR. rns2,
----GAGCCGTGTGC(iGC----- GAAA---- GTCGCATGCA.CGGTTC--T
Aff'ONITCG trnS ---- GAGCCGTA`1'C;CGG------ GAAAA---C;
T'C'GCACGTACGGTTC--T Azotobacter Av_groEL ----
GA.GCCGTATGCGGG-----GA-NA ----
CI'CGCACG''ACG(,,T1'(,--T 65A-F065404_13a )XOt ----
GAGCCGTATGF(iCT-----GAAA---- GGTACAAGTACGGTTC---
AB(]11549_Ec_IntF ---- GAGCCGTATGCCGO----- GAAA----
CTGGCACGTACGGTTC--T 47 WO 2004/027540
PCT/US2002/030656 PSYI8999 I'p In0)4IC:
----(3AGCCGGATGAG(iG-----t
CCi.1--....CTC`f'CAT'Ci'f'CC(.iGTTC .:T'  ECHRIFP Pc
IntB GAGCCiGTA'1'GAGCC----- GA(iA----
(iGTTCACGTACCG7`I'C--`]'  P-NI EV'1M_Itm_lilt] ----
GAGCG(GTGTGAATO-----GAGA ---- GGTT ACGCACO(5TTC--T
ASU]37d7 An_hIyA
----GAGCCGTGTGC:UGC-----CIAAA----(Jf"1'CiCACCiC;
.ACG(iA'I'('--[ 1)  L LU50902 LI_Itr13  PAU77945
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232.2920.72960.078490.1 242.1540.61430.075780,2
2511.6550.04010.305351.4 2(562. 1870.0470.498751.3
3123.810.01370.255061.9 20.1810.07190.233861.1
13.7160.12080.191250.9 345.310,44210.118990.4
1510.0840,10620.200831 367.0110.29060.167460.5
3715.2620.01360.247081.9 3S6.4560.40070.131210.4
397.180.06350.239661.2 4011.0230,32580.171450.5
412.7850.`/8410.086170.1 422.6860.81660.084640.1
4418.4840.09490.27192 4527.-1590.02640.47124I.6
46172.3860.00000010.830397 4911.3440,10720.21474
94.4882. I. SE-050.862564.7 127.0265.66E-060.707185.2
917.2.570.06050.260651.2 1021.5940,08510.291571.1
1122.0020,00610.294312,2 1328.0090.00580.332072.2
1455.8710.00410.4692.4 1533.470.00560.363012.3
166.8480.30560.165510.5 176.7450.26080.166950.6
252.3310.28310.135490.5 2641.6980.09170.40517 



317.4580.31770.173410.5 WO
2004/027540PCT/US2002/030656 323.6720.66370.12126 0.2
337.8750.24460.176086 0.6 343.590.55320.1 18S86 0.3
351.9490.53920.08764 0.3 362.3880.5870.106634 0.2
377.3430.12070.170034 0.9 394.0210.15990.178012 0.8
X1031310.910.112756 0 419.9370.2280.197796 0,6
428.2680.25590.180426 0.6 45127620E-0612 5,2
4629.1220.00180.13864 2.7 491.1240.63810.067054 0.2
794.454I.03E-05016254 81.1150.72950.09373 0.1
91.1.7130.05740.303693 1.2 1015.4340.06560.34863 1-2
1113.7510.0 1210.329062 1.9 1318.9390.01290.386172 1.9
1441.730.00130.573223 2.9 (-11523.6660.00710.431683
2.1 162.9470.37820.153553 0.4 174.3910.21090.190493
0.7 232.5270.35410.141613 0.5 251.1670.32790.095871
0.5 312.2010.63130.133233 0.2 324.5050.14980.1. 89853
0.8 331.2780.66620.100313 0.2 6344.1960.25610.181763
0.6 373.3880.2210.163332 0.7 391.2770.56880.100291 0.2
401.3340.90420.102483 0 416.8230.16040.231783 0.8
424.8820.18550.196063 0.7 



463.290.16650.160942 0.8 496.6770.07640.231132 1.1
831.7810.0340.353736 1.5 916.8280.13260.257396 0.9
1020.8390.06560.286436 1.2 1119.5240.01670.277254 1.8
13263870.01490.322314 1.8 1456.5350.00810.471786 2.1
1535.9820.00140.376386 2.9 169.6180.1470.196146 0.8
176.3040.32750.16146 0.5 2441.8550.04420.405946 1.4
252.1410.32720.129852 0.5 316.0030.42170.155596 0.4
3211.650.21620.215876 0.7 336.3390.29840.157976 0,5
344.1960.3540.128526 0.5 3620.7570.05360.285874 1.3 1
'O 2004!027540PCT/US2002/030656 377.7390.08570,
J.74564 1.1. 391,2770.67950.100292 0.2
419.5680.25620.194086 0.6 4214.2770.11730,237096 0.9
468.3550.06930.18144 1.2 491.7350.48390.08334 (1.3
998.8260.00000010.50939 7 1032.2880.00420,291.119 2,4
1I46.0585.14E-050.42.5836) 43 128.5690.1 S680.183686
0.7 1343.60.00023080.414316 3.6 118.9390.36650.153179
0.4 1517.9590.050.10.217119 1._i 1611.9350.19990.17849
0.7 1764.3030.00000060.420889 6,2
233.3670.83520.094389 0.1 2438.0.00710.316289 2.1 



2511.1731.59E-050.569393 4.8 3119.0120.03280,226079
1.5 3212.5820.1 8660.183179 0.7 339,3460.38740.156629
0.4 348.1460.4170.146229 0.4 3538.8590.00210.391146
2.7 369.3430.14760.191796 0.8
3726.6530.00025330.323936 3.6 3510.3240.2570.I64619
0.6 392.1.0560.00016410.107183 3.8
4036.4870.00023740.309469 3.6
41.89.412_.3511-060.484439 5.6
42291.5510.0000001().874779 7 4420.83350.088746 0.1
4612.3170.1290.220216 0.9 496.6470.35340.163056 0.5
1077.7420.00000010.451729 7 11140.4010.0000001.0.7 434
86 . 122.2880.54160.094926 0.3
1362.7742.09E-060.497136 5.7 1437.0570.00330.311879
2.5 1538.7680.00034810.318999 3.5
1634.5390,00080980.,03489 3.1 1740.9294.15E-050.335789
4.4 233.4110.80130.094999 0.1 2420.3390.06440.231059
1.2 258.4570.05610.258063 1.3 3130.0490.0017U84219 2.8
3235.1370.00140.30619 2.9 3315.7690.05030.203449 1.1
3419.1470.132.40.224189 0.9 3551.7523.02E-060.451386
5.5 364.4230.57$0.131966 13.2 3760.0510.00000010486236
7 383.1530.58680.090979 0,2 56 



WO 2004/027540PCT/US2002/030565:6
3929,4093.35F..-060.48122 4071-8560.00000010.434-28
41293.6960.00000010.87798 42115.2070.0010001.0.59571
4615.9790.03560.250821..4 4926.1720.00210.3-2356 1'O:
combination 48 x 49 (data not shown} Note: missing
positions combinations denote non-scored combinations
due to frequency table  evaluation, as described in
the preferred method. (e.g. frequency table that had a
row or  column length of less than ?). 10 57
\\'()2004/02"'540 TABLE V RS List - After Threshold
Application Post PostChi-Sq.PV
446172,3860.00000010.83039 8998.8260.00000010.5093
842291,5510.00000010.87477 11140.4010.00000010.74348
1362,7742.092E-060.49713 3760.0510.00000010.48623
41293.6960.00000010.87798 42135.2070.00000010.59571
1040233.3860.00000010.78266 '1
'139121.6360.00000010.97865 114188,0230.00000010.58868
114277.6330.00000010.55285 1238216.220.000000-10.92264
1335115.7770.00000010.67514 1434251.360.00000010.81224
1533115.8250.00000010.55137
1632152.4470.00000010.63759
1731143.5570.00000010.62887 323673.50.00000010.54222 



404187.4460.00000010.47908 4142115.1140.00000010,54967
PCT/IJS2002/030656 DF 6 (-1)*logP  7 58 WO 2002/027540
PCT/US2002/030656 TABLE VI Goupings of RS Pairwise
Combinations Pos1  Pos2 4 10 15 10  11  11  11  12  13
14  15  16 17 31 32  40  41 41  42 TABLE Vii Group 30
1 j` Pass Predictions - After Chain Elimination 35 40
Shevek Predictions 



Pos1 Pos2 V -log(P) DF  4 46 0.93039 7.00000 6.0  11
39 0.97865 7.00000 2.0  12 38 0.92264 7.00000 6.0  14
34 0.51.224 7.00000 9.0  1.5 33 0,55137 7.00000 9.0
16 3? 0.63759 7.00000 9.0  17 31. 0.62887 7.00000 9.0
59 WO 2004/01-7-540   AR Tables (7 of 7) PC T/US
2002/030656 AR Table for pair-wise combination 4 x
46:AR Table for pair-wise combination 15 x 33: TGTACG
7.06256-6.2979-3.1727A3.99125-1.5277-2.8311-0.9961
-1.41141.4636-0.128G-0.9825-4.76425-3681-1.7567
-6.44646.68465-0.5847T-3.1477.88063-2.87910.51726
-2.0042-0.97811.1803C0.33104-0.9569-1,49085.6541 AR
Table for pair-wise combination 11 x 39:AR Table for
pair-wise combination 16 x 32: TCTCAC
9.414125-9.4143G1.418243.78041-3.3219-2.5496
1.62498-1.625A4.12878-2.5592-1.747-2.2694
-11.02911.0289T-5.35811.39587.364681.8159
C-3.974-0.673-0.77758.72765 AR Table for pair-wise
combination 12 x 38: AR Table for pair-wise
combination 17 x 31: GATC
8.8971-8.799-3.87210.26031CGAT
-7.86189.44601-0.2425-0.2425G10.0611-6.8655-3.483-1.53
85
-4.1568-0.203311.2694-0.0894A-0.0334-1.2764-1.33404.43
638 T-7.87774.446625.12299-0.3237
C-3.14844.78872-1.543-1.0155 AR Table for pair-wise
combination 14 x 34: GTCA
10.9198-'10.092-1.9538-0.9652 



-10.9210.39222.08085-0.9805
0.59811-0.4612-0.3161-0.1562
-0.9961-0.9352-0.181111.2694 60 WO 2004/027540 TABLE L
Misalignment Information (Output): 10 P(;"1'/ 1
IS-1002/030056 SEQUENCES IDENTIFIED AS POSSIBLY
MISALIGNED:  (note: sequence numbering starts at 1.)
(note: position numbering starts at 0) (The character
`#' denotes NO SUGGESTION POSSIBLE) Sequence number 43
is possibly misaligned: 15 Region/Positions: 14-34
Units/Characters:G-G uggested .alternatives (in
order):  T-A  C-G A-I' 20 Region/Positions: 15-33
Units/Characters:C-T Suggested Alternatives (in
order):  T -A G -C
******************************************************
*************** 30 Sequence number 52 is possibly
Misaligned: 35 40 45 Region, Positions:14-34
Units/Characters:G-G Suggested Alternatives (in order.
T-A  C-G Region/Positions: 1.5-33 Units/Characters:C-T
Suggested Alternatives (in order  



T-A  C-G  G-C
*****************************************************
Sequence number 16 is possibly misaligned: 61 W/O
2004/027540            PCT/US2002/030656
RegioniPositions:15-33 Units/Characters:G-T Suggested
Alternatives On order):  T-.A.  C-(T 10
Region/Positions 17-31 Units/Characters:A-C Suggesied
Alternatives (in order G-C  T-A C-G 15  Sequence
number 73 is possibly misaligned: 20 Region/Positions:
15-33 Units/Cbaracters:G-T 25 30 Suggested
Alternatives (in order  T- A C-G  G-C
Region/Positions:17-31. Units/Characters:T-T Suggested
Alternatives (in order  G-C  T -A C-G 62 WO
2004/027541) PCT/US2002/030656 TABLE X Corrected
Sequence Information 



10 Reference:  5"atnrna
----GAGCC(UATGCGA1'-----GAAA----G7'(.`GCA.C.'GT'ACGG
1'TC Sequence Number 43:  15 Before: _ZPU16993_cox2
-----GAGCTTTTTGCGGG--- GALA. (TTGC.AAGTC:~.A(zTTT--(
After: 20 _ZPUl6i993_ cox2
----GAGC:TT`I'TTGC=.GG(]------GAZA----CTTGC
LAGTCAAG'l'fJ -0 U Sequence Number 52:  Before:
BVSCOXIII_cox2_l ----- GAGC'1'"I"TTTG000G---- GAAA----
CTTt_C_LAG`IACAG'1'Tl'--G  After: _BVSCOXII1_ cox2_ I
---GAGC.I'II]TU(CT(T(T_____GAAA---- CTTCC.AACf
ACA(J1ll--Q 63 WO f) 2004!1127540 TABLE XI 2"d Pass RS
List (Compare to Table V) PCT/US2002/030656
PostPos2Chi-Sq.PVDF(-1)*'IogP ,,I116171.9 860.00
000010.8228767 451270,00000017
9116.6040.00000010.553227 66 'I 51155 5 114 319E 09
6606 .. .. - 



41n 0.0000001V.511 ! 9) 9.390
42307.4460,00000010.89839 91077.7420.00000010.45172
11140.4010.00000010.74348 3760.0510.00000010.48623
41293.6960.00000010.87798 942135.2070.00000010.59571
'1040233.3860.00000010.782667 104183.0571.381
E-060.46695.9 1139121.6360.00000010.978657
114188.0230.00000010.588687 11477.6330.00000010.552857
1238216.220.00000010.92264
'1335134.G760.00000010.72816
1434254.1390.00000010.8167z"'
1533136.7130.00000010.59902
1632152,4470.00000010.63759
1731143.5570.0000001O.62887 323673.50.00000010,54222
404187.4460.00000010,47908 4142115.1140.00000010.54967
64 WO 2004/027540 PCT/US2002/030656 TABLE XTI Pass
Predictions - After Chain Elimination (Compare Table
VII) Shevek Predictions Pos1Pos2-\-log(e)DF
44611.522877.000006.0 5451.000007.000002.0
11390.978657.0110002.0 12380922647.000006.0
13350.7281.67.000004.0 14340.816727.000009.0 



15330.599027.000009.0 16320.637597.000009.0
17310.628877.000009.0 Example 2: Prediction of
secondary and tertiary structure elements of Phe-tRNA
using Shevek tRNAs are critical RNA molecules
necessary for the translation of  20 messenger RNA
(mRN.A) into protein sequences. The Shevek method, as
described above for Example 1. (with the same default
parameters) was applied to a sequence  alignment of 41
Phe-tRNA sequences obtained from the tRNA sequence
database
(www.unibayreuth.de/departments/biochemie/sprinzl/trna
/index.html) (Sprinzl et al.  Nucl. Acids Res., 1995,
Vol.26, No. L, 148-153;). The Shevek method resulted
in 25 seven predictions given this data set; these
predictions further illustrate the great  diversity
and applicability of Shevek in two distinct ways.
First: because Shevek  treats data categorically, it
is able to uniquely and critically handle the modified
nucleotides that naturally occur in tRNA molecules.
Shevek- simply treats such  modified nucleotides as
merely another character in the alignment. Second:
because 30 Shevek is not a rule-based and biased
method, it is not aware of the biochemical
conventions that distinguish secondary structure and
tertiary structure. Hence, as  expected, it should be
able to predict both structure types. Illustrated here
is the  accurate Shevek prediction of a tertiary
contact (previously determined by crystallography and
biochemistry) in. tRNA. 35 It will be obvious to the
skilled artisan that, the position numbers  (which
identify positions in the alignment) correspond to
specific units in the  biopolymer of interest. hi this
case, the sequence of interest was chosen to be the
Phe- tRNA from Saccharomyces cerevisiae, because its
crystal structure has already been 65 WO 2004/027540
PCT/ US2002/n3i-(),6 solved and thus provides for a
ready check of the Shevek method. As shown in Figure
9(a), the nucleotides (and modified nucleotides) to
which the interacting positions  correspond are listed
next to the predictions. Shevek predicts two
interactions between) modified nucleotides: first,  5
between the N2-methylguanosine (m2G) at position 10
and the guanosine (G) at  position 445; second,
between the 5-methylcytidine (m5C) at position 49 and
the  guanosine (G) at position 65. In total, Shevek
makes 7 predictions: 6 secondary  structure
interactions and one critically important tertiary
interaction between the  modified m2G at position 10
and the G at position 45. in order to fully appreciate
the 



1.0 ability of Shevek to predict interactions, in Fig.
9(b) its predictions have been  highlighted in colored
pairs 9 (the tertiary interaction has been colored
black-; all other  interactions are secondary
structure interactions) in the crystal structure of
Phe-tRNA  (PDB ID: IEHZ) by Shi et al.. obtained from
http://www.ncbi.nhm.nih.gov/Structure/).  Note the
close spatial proximity of each color pair. 15
Although Shevek makes only 7 predictions (having been
designed to  favor accuracy over coverage), and only 1
prediction subsequently categorized by  convention as
tertiary, its accuracy is 100%, with all Interacting
pairs coming within  - 3 A of each other. These
results can be compared to those obtained for tRNT -\
using  the method by Chin and Kolodziejczak, 1991;
here. although never explicitly stated, 20 -23
tertiary predictions arc made; however, the accuracy
of this method is -13%. In  the method of Gutell et
al., 1992, as discussed previously, a consistent
method of  selecting/screening scores is not provided
- and instead, these authors circularly use  the known
structure to screen their prediction scores. However,
if one simply takes  their best: prediction for each
nucleotide, an accuracy of.- 68% can be estimated. 25
Neither of these prior art methods, however, works on
biopolymers other than RNA. Example. 3: Prediction of
structural/energetic contacts and protein-protein
interactions  in the HIV Protease using Shevek The
Human immunodeficiency Virus (HIV) is a well-known
human  30 pathogen with high morbidity and mortality.
A prime target of drug intervention is the  protein
Illy protease. The Shevek method, as described above
for Example I (with  the same default parameters) was
applied to a sequence alignment of 53 similar WO
21)11-11)27541) PC' C/ t 5 21)112/ ( 131) (56 protease
(protein) sequences obtained from the PFAM sequence
database (Bateman et  al.;
http://www.sangor.ac.uk/Sottware/Pfam/) (PFAM key
word: RVP). These sequences were then aligned using
the CLUSTAL X[err] software. The Shevek method
resulted in two predictions given this data set; these
predictions illustrate the great  diversity and
applicability of Shevek in an additional two distinct
ways. First, it is a  critical demonstration of the
ability of  the Shevek method to analyze a protein
biopolymer. Second, it illustrates the ability of
Shevek to detect protein-protein  interactions. Again,
it will be obvious to the skilled artisan that the.
position 10 numbers (which identify positions in the
alignment:) correspond to specific units in the
biopolymer of interest. In this case, the sequence of
interest was chosen to be the HIV  protease, because
its crystal structure has already been. solved and
thus provides for a  



ready check of the Shevek method. As shown in Fig.
10(a), the amino acids to which  the interacting
positions correspond are listed next to the
predictions. 15 Referring to Fig, l 0(a), Slievek
predicts an interaction between 22A1a  and 8411e,
shown in red. This prediction, from the point of view
of structure analysis,  suggests that these two amino
acids play a critical energetic role in the folding of
tins  protein. From the point of view of structure
prediction, ( if the structure were not  known) it
suggests a close spatial proximity between 222-Ala and
8411c (4-5 A). This 20 prediction brings the two ends
of the protein together (which is about - 00 amino
acids in total length), thus vastly reducing the
possible structure space for this  molecule. This
makes prediction much easier as well as providing a
check of any  hypothetical structures. Referring to
Fig 10(b), Shevek makes a second prediction between
25 50I1e and 8lPro (3-4 A). This prediction
illustrates the usefulness of the Shevek  method nil
analyzing protein-protein interactions. The HIV
protease acts as a dieter;  disruption of this dimer
would therefore be of great therapeutic value. The.
results of  the Shevek method suggest that the
interaction of 50Ile of one monomer and the  SiPro of
the other monomer play a critical energetic role in
the stability of thus 30 homodimer (shown in purple
and green); this interaction is therefore a prime
target  for drug-based intervention. Because this
interaction has been selected for (by  definition,
since Shevek would not have otherwise detected it), it
follows that there 67 WO 2004/027540 PCT/US2002/030656
are limited ways in which this interaction can be
formed; thus, a drug that interrupts  this interaction
would be resistant to drug -resistance. From a
structure prediction  point of view, however, such
homodimer intermolecular interactions would he
difficult to sort from intramolecular. interactions.
For this reason, hetero 5 intermolecular interactions
will be of even greater value. Referring to Figs.
10(b) and 10(c), Shevek predictions have been
highlighted in colored pairs in the HIV protease
crystal structure (PDB ID: 1 DAZ) by  Mahalingam et
at., obtained from A-alli,  although Shevek makes only
'-1 predictions (100% accuracy), each prediction is of
10 great value. These results can be compared to the
method by Olmea et al. 1999, which  is limited to only
protein prediction. For a protein of similar size (100
amino acids),  20 predictions (L/5) would be made,
with an. accuracy of 13%-i, (using a chef mition of
closer than 8 such ]sigh inaccuracy makes it difficult
to utilize their predictions for  



either- structure prediction or structure analysis-
Note, however, that we do not 15 advocate the
interpretation of Shevek accuracy using such simple A
cutoff values . 8 A). Shevek detects associations,
which may be due to spatial and/or energetic
connectivity. Example 4: Prediction of
structural/energetic contacts of the alpha subunit. Of
20 hemoglobin using Shevel Hemoglobin (Hb) is a
critical. protein responsible for oxygen
transport/binding. The Shevck method, as described
above for Example I (with the  same default
parameters) was applied to a sequence alignment of 251
similar Fib  alpha sequences obtained from the P1 AM
sequence database (Bateman. et al.; 25
h.tip://www.sanger.ac.uk/Software/ Pfam/) (PFAM
keyword: GLOBIN). These  sequences were then aligned
using (he CLUSTAL X[err] software. The Shevek method
resulted in two predictions for this data set; these
predictions are a second example of  the ability of
Shevek to act regardless of biopolymcr type. In this
case, the sequence of interest was chosen to be human
Hb,  30 because its crystal structure has already been
solved and thus provides for a ready  check of the
Shevek method. The amino acids to which the
interacting positions  correspond are listed next to
the predictions in the Table of Fig. 11(a). 68 "'O
2004/027-540 P C A Referring to Fig. 11(b), the alpha
subunit of Hemoglobin consists of a  six alpha
helices, Critical to the proper folding (and
prediction) of this protein  structure is orienting
these helices with respect to one another. Shevek
predicts an  interaction between 19-Ala and 66-Leu
(10-12 A) shown in red in Fig. 11(b). This 5
interaction brings the linker region between helix 1
and helix 2 together with. die  center of helix 3.
Shevek also predicts the interaction between 84-Ser
and 139-Lys 13- 4 A), shown in purple in Fig. 1 1(h).
This interaction brings the end of helix. 6 together
with the beginning of Helix 4. In Figure 10(b), Shevek
predictions have been highlighted in colored  10 pairs
in the crystal structure of human. HI) (PDB ID: 1RVW)
by Puius et al., obtained  from
http://www.ncbi.nlm.nih.gov/Structure/. Although the
distance between the first predicted pair is somewhat
large, because this interaction property orients
helices 1  and 3 with respect to one another, it is
believed that an energetic coupling exists  between
these positions. 15 



Example 5: Prediction of structural/energetic contacts
of the 16S RNA using Shevek Successful covariation
analysis of the 16S RINA has been for the most  part
limited to detecting base pairings in limited sections
o the molecule, and often  required hundreds of
sequences. See Akmaev, Kelley & Stormo, Bioinformatics
20 1.6:501-512 (2000); Kelley, Akmaev & Stormo,
Nucleic Acids Res. 28:4938-4943  (2000) and {retell et
al., Nucleic Acids Res. 20.:5785-5795 (1-992)_ An
analysis on all  positions in a hill-length (1515 NT)
alignment composed of only 60 sequences was
performed. Maidik et al., Nucleic Acids Res. 29:
173-174 (2001). Of the %-1.1 million  possible pair
combinations, the present method predicted 162
functional associations. 25 Of these, 156 occur
between. pairs of nucleotides less than 4 A apart in
the crystal 30 structure (Wimberly et al., Nature
407:327-3 39 (2000)), for an overall prediction
accuracy of 96%. 1.50 of these predictions are base
parings between nucleotides  throughout the molecule;
another Five are non-canonical interactions, such as
A.-A  Hoogsteen couplings. Of greatest interest is
prediction 1268A-1 31 IG which is shown  in Fig. 12A.
Fig. 1213 shows this interaction in the crystal
stricture. This 1268A- 1311G pair, which is 3.6 A
apart, is a novel tetraloop-tctraloop receptor
interaction - the first such tertiary contact detected
by a purely automated method. Similar to 69 \V()
2004/0271540 Pt:7'/t S2002,030(_6 previously described
tetraloop-he]ix interactions, the 1266-GCAA tetraloop
and helix  42 interact through a classic
base-quadruple (Moore, Anne Pei, Biochem 68:287-300
(1999)) involving 1266G-1269A-1312G-1325C. The second
nucleotide of this GNRA.  tetraloop (1267C) appears to
have no 1-1-bonding interactions with (:lie receptor.
Id.. 5 Most importantly, the prediction made by the
present invention suggests that the           identity
of R in a GNRA tetraloop has a role in receptor
specificity. When position 1268 is an A, a strong
preference fora. (_i at position 1311 is observed;
when 126$ is a  G, a weaker but notable preference for
an A at position 1311 is observed. Such an
observation will aid in the detection of tetraloop
receptors that are. less defined than  10 11-nt A
platform-like motifs. 1i1. Example 6: Prediction of
structural/energetic contacts of histidine-tRNA
Synthetase  using Shevek Although RNAs are now
recognized as playing important structural  1.5 and
enzymatic roles, the majority of cellular functions
are carried out by proteins. Here, we illustrate a
SHEVEK analysis of the 424 residue histidine-tRNA
Synthetase  



(An alignment of 37 sequences; Tatusov, Koonin &.
Lipman, Science 278:631-637  (1997)). SHEVEK resulted
in tour predictions. These predictions were assessed
by  mapping them. onto the crystal structure of HTS.
Two of our four predictions occur  20 between residues
less than 5 A. apart, for a predictive accuracy of
50%. In comparison, the chance of randomly selecting a
pair of residues in such close  proximity in a
structure this large is only 3.6"-x0. SHEVEK
predictions, however, are not limited to structure
prediction.  They also serve in structure analysis. To
illustrate this, we focused further on 25 prediction
10 7Y-129G, as these residues map to the catalytic
center of HTS. Fig. 13A  shows that in the E. col- HTS
structure (Arnez et al., Proc Aatl Acad Sci USA94:
7144- 7149 (1997)), these residues are in close
proximity: their backbone atoms are  involved in a
beta-sheet, while. the side chain phenol of TYR107
sits directly on top of  GLY129. Arnez et al.
hypothesize that. TYR107 is required for proper
histidine 30 substrate binding. It acts as a hydrogen
bond donor to a glutamic, acid and a hydrogen  bond
acceptor to a well-ordered water molecule, which in.
turns acts as an acceptor to  the amino group of
histidine. However, position 107 is not absolutely
conserved even 70 WO 20114/1/2 ?5411 PCT/t S2002111340
5(; among bacterial organisms. In some species, it is
occupied alternatively by a cysteine,  histidine, or
even a. methionine - residues that are biochemically
incapable of  hydrogen bonding like tyrosine. Thus, in
the crystal structure of HTS from T. thermophilus,, in
which a methionine occupies position 107, a somewhat
alternative  network of interactions was proposed for
the active site of HTS (Aberg et al., Biochemistry
36:3084-3094 (1997)). By coupling position 107 to
position 129,   SHEVEK provides a unifying solution.
Fig. 1 713 shows that the frequency table lttr  I 07x
129 contains no combination of residues that does not
at least have one residue  capable of being both a
hydrogen bond donor and acceptor. This suggested that
a) the 10 selective requirement fur this interaction
is functional: a Hydrogen bond oriented for  substrate
binding; and b) these positions are able to swap
occupations. A  superposition of the two structures is
depicted in Fig. 1 C which demonstrates that  this is
indeed the case: the 0 of ASN at position 129 from T
thermophilus is in nearly  the identical location as
the 0 from TRY at position 107 from E. coli. Prior to
this 15 analysis, the structural differences between
the HTS from these two organisms had  



beat observed, but remained unexplained (Amez et al.,
Proc Natl Aced Sci LISA  94:7144-71.49 (1997); Aberg c
-.,t al, Biochemistry 36308403094 (1997)). On a more
general level, this example suggests that because
positions can trade occupations with  other positions,
the similarities and differences observed at an
individual position may  20 be misleading. Example 7:
Prediction of structural/energetic intermolecular
interactions of  Ribonuclease P using Shevek Having
used SHEVEK successfully to predict both RNA. and
protein  25 interactions, it followed that SHEVEK
should be capable of predicting RNA-protein
intermolecular interactions. To test this, an
alignment of Ribonuclease P sequences, in which each
aligned RNA sequence is appended to its corresponding
aligned protein sequence, was generated. In addition
to numerous, accurate secondary RNA structure
predictions, SHEVEK predicts one RNA-protein
intermolecular interaction between 30 13-Leucine and
333-Adenosine (E. coli numbering). While the structure
of the RNA- protein complex is not available to
evaluate this prediction, three lines of evidence
support the possibility of a 13-333 interaction: A)
Residue 13L, in the homologous B. 71 WO 2004/027540
PCT/US2002/030656 subtilis structure, is an accessible
surface residue; B) 333A has been shown to cross- link
to its substrate tRNA and reside near the catalytic
center of ribonuclease P, where  the protein cofactor
is hypothesized to bind; finally and most importantly,
C) 333A  has been shown by low-resolution
disulfide-linked EDTA-Fe mapping to contact the
protein. (Kurz and Fierke, Curr Opin Cheri
Biol4:553-558 (2000)). The number of  protein
sequences that could be. reasonably aligned limited
the size of the alignment  24 sequences, which may
reduce the certainty of this prediction. Nonetheless,
the  available biochemical evidence suggests that
SHEVEK has predicted a reasonable A-protein binding
site. 10 Example 8: SHEVEK Predictive Power To better
evaluate the overall predictive power of SHEVEK, an
additional 12 proteins of various sizes were tested.
Fig. 14A shows that these analyses  detected, among
others, an interaction on the surface of the HIV
antigen gp120, where 15 CD4 binds, suggesting a
possible impact on immune recognition through coupled
mutation (Kerber et al., Proc Natl Arad Sci USA 4
90:7176-71-80 (1993)); as well as a  biochemically
supported intermolecular interaction between the
subunits of the  



hemoheptamer GroLS as shown in Fig. 14B(Hunt et al.,
Nature' 379:37-46 (1996) and  Seale & Horowits, J.
Biol. Chem. 27030268-30270 (1995)). 20 For each of the
13 proteins analyzed, as shown in Fig. 14C (blue + red
areas), a prediction was considered accurate when the
residues predicted to interact  mapped to residues
.whose closest atones in the test structure were no
further than. 6 A  apart. The probability of randomly
choosing pairs within 6 A of one another was also
calculated using the structure of each test molecule
(blue area), to account for the fact 25 that the
probability of randomly choosing two residues that are
spatially close is  higher in smaller proteins than
larger ones. The percent improvement in accuracy (red
area only) over chance is the predictive value of the
method. As can be seen in Fig.  14D, the SHEVEK method
results in a. 50% improvement over chance, with an.
overall predictive accuracy of 56';%). 30 Other
methods designed strictly for- protein contact
prediction have a  best accuracy of -201%% (using the
less restrictive Ch-C, cutoff of 8 as reviewed by
Lesk, Lo Conte & Hubbard, Proteins 45:98-1 18 (2(1));
however, a direct WO 2004/027540 PCT/US2002/030656
comparison is problematic. Contact-prediction.
specific approaches result in hundreds  of
predictions, using algorithms based upon known or
hypothesized interaction  properties. SHEVEK. detects
only a few interactions, based upon the statistical
signatures found only, in the alignment wider
analysis. 73 "'O 2(W41027540 PLT/US2002/030656 CLAIMS
We Claim: 1. A computational method for predicting
intramolecular and  intermolecular biopolymer
interactions comprising a screening process which
comprises: (i) a standardization process; (ii) a
threshold determining process; and a chain elimination
process, wherein said screening process 10 results in
a set of association predictions for intramolecular
and/or intermolecular interactions. 2. The method of
claim 1 wherein the standardization process
categorizes expected frequency tables and converts
nonuniformly scaled scores into  



uniformly scaled scores. 15 3. The method of claim 1
wherein the threshold determining process  determines
thresholds based upon distribution of uniformly scaled
scores. 4. The method of claim 3 wherein the
thresholds are determined  based upon a measure of
location and a measure of dispersion. ti. The method
of claim 4 wherein the measure of location is a median
20 distribution and the measure of dispersion is an
interquartile range of the median  distribution. 6.
The method of claim 5 wherein the threshold is equal
to a multiple  of the interquartile range past a third
quartile range of the interquartile range. 7. The
method of claim 6 wherein the uniformly scaled score
is a -log  P score having a -log P threshold
determined by: -log P - Threshold=3QV (p) +
IQR(p)*P-MULT, where 3QV(p) denotes the third quartile
range for the -log P score; IQR(p) denotes the
interquartile range for the -log P score; and P-MULT
represents a constant. S. The method of claim 7
wherein P-MULT has a default value of 2.  30 9. The
method of claim 6 wherein the uniformly scaled score
is a V  threshold determined by: and V-MULT represents
a constant. 74 WO 2O04/027540 PCT/US2002/030656 10.
The method of claim 9 wherein V-MULT has a default
value of   11. The method of claim 1 wherein the chain
elimination process groups scores greater than
thresholds determined in the threshold determining
process  based upon shared, common positions, and then
determines a pinnacle association for  each group of
scores. The method of claim 2, wherein the
standardization process  r converts nonuniformly
scaled scores into uniformly scaled P scores. 13. The
method of claim 12, wherein the P scores are
calculated using 10 equations where T and J represent
dimensions of an actual frequency- table; 'represents
a  probability density for degrees of freedom., DF, as
a function of O, where O and %' is Pearson's
X,-statistic. 



14. The method of claim 12, wherein. the P scores are
calculated using Exact  Statistical Methods. 15. The
method o f claim 12, wherein. the P scores are
calculated using 20 estimated exact statistical
methods. 1.6. The method of claim 15 wherein the
estimated-exact statistical  method is based on a
monte carlo simulation of a distribution. 17. The
method of claim 1.3, wherein the expected frequency
table is 18. The method of claim 1.4, 15, or 16
wherein the expected frequency 19. The method of claim
1., wherein the threshold determining process 30
performed on --log of P scores. W() 2004/027540
PCT/US2002/030656 O. The method of claim l., wherein
the threshold determining process is  performed on V
scores. 21. The method of claim 1.1; wherein the
pinnacle association for each  g coup of scores is
chosen first according to highest P, then lowest DF,
and then highest V. 10  22. A computational method for
predicting intramolecular and  intermolecular
interactions comprising: (a) obtaining
genomic/biopolymer sequence data; (b) subjecting the
genomic/biopolymer sequence data to an  alignment
process, wherein said alignment process produces a set
of sequence  alignment data; (c) subjecting the set.
of sequence alignment data to a combinatorial
matching process, wherein said combinatorial matching
process produces data 15 indicating possible
associations; (d) preparing a set of actual frequency
tables using the data  indicating possible
associations and the set of sequence alignment data;
(e) subjecting the set of actual frequency tables to a
scoring process  to obtain a set of scores; and 20 (f)
subjecting the set of scores to a screening process to
produce a  



set of association information, wherein said
association information predicts  intramolecular
and/or intermolecular biopolymer interactions. 213.
The method of claim 22 wherein the scoring process
further comprises:  25 (i) generating a set of
expected frequency tables from the set of  actual
frequency tables; and (ii) comparing the expected
frequency tables and actual. frequency  tables to
generate a score. 24. The method of claim 23 wherein
cells of the set of expected  30 frequency tables have
values determined by: 76 %%() 2004/027540 PC I:rUS200
/0306ib where [err]~ (which is an approximation of
u[err]) is an expected frequency of cells in row i
and column j of the expected frequency table-, n =
sum. of all counts; n,- = total of  cells in row i;
n-,J = total of cells in column j.  The method of
claim 23 wherein the comparing step is performed
using a Pearson's X[err] statistic. 26. The method of
claim 25 wherein the Pearson's [err] statistic is
represented by: 10 where n[err]= a value of a cell in
row i and column j and u[err] is an expected frequency
of a  cell in row i and column j of the expected
frequency table. 27. The method of claim 22 wherein
the scoring process comprises 15 subjecting the
frequency tables to more than One scoring method. 28.
The method of claim 27 wherein the scoring process
further Comprises  obtaining a V score using a
Cramer's V statistic. 20 29. The method of claim 28
wherein the Cramer's V statistic is  represented by:
where , is Pearson's x[err] statistic; n = the sum of
all cell counts; T - number of rows;  = number of
columns; and min(I-I, J-1) is a function which returns
a lower o two 2 25 values being compared, wherein is
is given by: it 



W'H`O 21104/1127540 P(:l 71 S2002'030b o where tat, =
the. value of a the Cell. in row i and column j and
ii,,,, is an expected  frequency of a cell in row i
and column j of the, expected frequency table. 30. The
method of claim 22 wherein the screening process
comprises:  (i) a standardization process; (ii) a
threshold determining process; and  (iii) a chain
elimination process, wherein said screening process
results in a set of association predictions for
intermolecular and/or intermolecular  interactions.
31. The method o f claim 30 wherein the
standardization process 10 categorizes expected
frequency tables and converts nonuniformly scaled
scores into  uniformly scaled scores. 32. The method
of claim 30 wherein the threshold determining process
determines thresholds based upon distribution of
uniformly scaled scores. 33. The method of claim. 32
wherein the thresholds are determined  15 based upon
a. measure of location and a measure of dispersion.
34. The method of claim 33 wherein the measure of
location is a  median distribution and the measure of
dispersion is an interquartile range of the  median
distribution. 35. The method of claim 34 wherein the
threshold is equal to a 20 multiple of the
interquartile range past a third quartile range of the
interquartilc range. 36. The method of claim 35
wherein the uniformly scaled score is a  P score
having a -log P threshold determined by: -log P -
Threshold=3QV(p) + 1QR(p)*P-MULT, where 3QV(p) denotes
the third quartile range for the -log P score; IQR(p)
denotes the  25 interquartile range for the -log P
score; and P-MULT represents a constant. 37. The
method of claim. 36 wherein P-MULT has a default value
of 2.  38. The method of claim. 35 wherein the
uniformly scaled score is a V  threshold determined
by: MULT represents a constant. ;(} 39. The method of
claim 39 wherein V-MULT has a default. value of 1.
40. The method of claim. 30 wherein the chain
elimination process  groups scores greater than
thresholds determined in the threshold determining
process "'O 2004/017540 



PCT /US 2002/030656 based upon shared, common
positions, and then determines a pinnacle for each
group of scores. 41. The method of claim. 31, wherein
the standardization process converts  nonuniformly
scaled scores into uniformly scaled P scores.
42. The method of claim 41, wherein the P scores are
calculated using equations 10 where I and J represeni.
dimensions of an actual frequency table; where P
represents a  probability density for degrees of
freedom, DF, as a function of Q, where 0 = x[err] ,
43. The method of claim 41, wherein the P scores are
calculated using~ 20 Exact  Statistical Methods. 44.
The method of claim 43, NN herein the P scores are
calculated using  estimated-exact statistical methods.
45. The method of claim 44 wherein the estimated-exact
statistical  method is based on a monte carlo
simulation of a distribution. 46. The method of claim
43, the expected frequency table is Normal.  47. The
method of claim 43, 44 or 45 N herein the expected
frequency table is Sparse. is 4S. The method of claim
30, wherein the threshold determining process
performed on -log of P scores.  ?5 49. The method of
claim 30, wherein the threshold determining process
is performed on V scores. 50. The method of claim 40,
wherein the pinnacle association for each  group of
scores is chosen first according to highest P, then
lowest DF, and then 30 highest V. 79 WO 2004/0275,40 1
0 PCT/US2O02/030656 51. A. computational method for
predicting intramolecular and  intermolecular
interactions comprising: 



(a) obtaining genomic/biopolymer sequence data; (b)
subjecting the genomic/biopolymer sequence data to a
first  alignment process wherein said first alignment
process produces a first set of  sequence alignment
data: (c) subjecting the first set of sequence
alignment data to a  combinatorial matching process
wherein said combinatorial snatching process  produces
data indicating possible associations; (d) preparing a
set of actual frequency tables using the data
indicating  possible associations and the set of
sequence alignment data.; (e) subjecting the set of
actual frequency tables to a scoring process  to
obtain set of scores; 15 (f) subjecting the set of
scores to a screening process to produce a  first set
of association information, wherein said association
information predicts  intramolecular and/or
intermolecular biopolymer interactions; {g) subjecting
the actual frequency tables corresponding to the first
set of association information, to a misalignment
process wherein said misalignment  ?!_> process
produces misaligned sequence information; (ii) using
the misaligned sequence information to realign
sequences to produce a second set of sequence
alignment data superseding the first set  of sequence
alignment data ; and (1) repeating steps (c) through
(f) in combination substituting the  ?5 second set of
sequence alignment data for the first set of sequence
alignment data to  produce a second set of association
information, wherein said second set of association
information predicts intramolecular and intermolecular
biopolymer  interactions. The method of claim 51
wherein steps (g) through (i) are repeated 30 it least
one additional time. s0 WO 2004/027540 comprises:
PCT/US2OO2/O30656 53. The method of claim 51, wherein
the misalignment process further venerating an AR
table for each actual frequency table:  (ii)
categorizing cells in each AR. table in a. MISALIGNED 



category or a GOOD category wherein a cell of an AR
table having an absolute value I +t al to ' threshold
value ARTHRESH is categorized in the MiSALIGNeD
category and wherein a cell of an AR table having an
absolute value  of greater than a threshold value of
ARTHRESH is categorized in the GOOD  category; 10
(iii) using the cells in the MISALIGNED category to
identify corresponding misaligned sequences, using the
cells in the GOOD category to identify suggested
alternative alignments for the misaligned sequences,
and (v) utilizing the suggested alternative alignments
to produce  15 the second sequence alignment. 54. The
method of claim 53, wherein each element .AR;; in row
i and  column 1 of an AR table is generated using the
equation: 1 20 where pi-r = 12 i+/17; p+1= 11j/11; 17
- sung of all cell counts; iii, total of cells in row
i;  n+ total of cells in column j; errs = value of the
cell in row i and column j; and [err] Ili ,, 11 55,
The method of claim 53, wherein ARTHRESH has a default
value of 1..U 25 56. The method of claim. 53, wherein
three cells having highest AR  values in each. AR
table are categorized in the GOOD category and predict
molecular  interactions that exist in nature at
positions corresponding to the cells. 57. The method
of claim 53, wherein a sequence is identified as  30
misaligned if it 81 W0 2OO4/027540 PCT/US2002/030656
contributes at least a specified number, REPEAT, cells
to the MISALIGNED  category. intermolecular 58. The
method of claim 57, where a default value for REPEAT
is 2.  59. A computational method for predicting
intramolecular and 



biopolymer interactions comprising a misalignment
process which comprises: (i) generating an AR table
for actual frequency tables of a  first sequence
alignment; (ii) categorizing cells in each AR table in
a MISALIGNED  10 category or a GOOD category wherein a
cell. of an AR table having an absolute value  of less
than or equal to a threshold value ARTHRESH is
categorized in the MISALIGNED category and wherein a
cell of an.AR table having an absolute value  of
greater than a threshold value of ARTHRESH is
categorized in the GOOD  category; 15 using the cells
in the MISALIGNED category- to identify corresponding
misaligned sequences, using the cells in the GOOD
category to identify suggested alternative alignments
for the misaligned sequences, and (v) utilizing the
suggested alternative alignments to produce  20 a
second sequence alignment. 60. A sequence alignment
method comprising a misalignment process  which
comprises: 25 (1) generating an AR table for actual
frequency tables of a  first sequence alignment; (ii)
categorizing the cells in each AR table in a
MISALIGNED category or a GOOD category wherein a cell.
olan AR table having  an absolute value of less than
or equal to a threshold value ARTHRESH is  categorized
in the MISALIGNED category and wherein a. cell of an
AR table having  an absolute value of g -eater than a
threshold value of ARTHRESH is categorized in 30 the
GOOD category; using the cells in the MISALIGNED
category to identify corresponding misaligned
sequences; 82 WO 200.1/027-5-0 YC 1'/L: S2002/0-W65t;
using the cells in the GOOD category to identify
suggested alternative alignments for the misaligned
sequences; and (v) utilizing the suggested alternative
alignments to produce  a second sequence au gni.n en
t. 



61. A sequence alignment method for aligning
biopolymer sequences comprising: (a) obtaining
genomic/biopolymer sequence data; (b) subjecting the
genomic/biopolymer data to a first alignment  process
wherein said first alignment process produces a first
set of sequence 10 alignment data; (c) subjecting the
first set of sequence alignment data to a
combinatorial matching process wherein. said
combinatorial matching process  produces a first list
of combinations of positions in biopolymer sequence
data; (d) preparing an actual frequency table for each
of the  15 combinations of positions in the first list
of combinations of positions; (e) subjecting each
actual frequency table to a scoring process to  obtain
a set of scores; (f) subjecting the set of scores to a
screening process to produce a  second list of
combinations of positions, wherein the second list of
combinations of  20 positions consists combinations of
positions that are highly ordered. (g) subjecting each
actual frequency table prepared for each of the
combinations of positions in the second list of
combinations positions to a  misalignment process
wherein said misalignment process produces a list of
misaligned sequence information, and wherein said list
of misalignment information  25 is an indicator of
alignment quality; and (h) using the misaligned
sequence information to realign sequences to  produce
a refined sequence alignment. 62. The method of claim
61. wherein steps (c) through (g) are repeated  in
combination at least. once. 30 83 SEQUENCE LISTING
110> Pang, Phillip S. Jankowsky, Eckhard Pyle, Anna
Marie <120> A computational method for predicting
intramolecular and intermolecular biopolymer
interactions Sequence corresponding to domain 5 of
ai5gamma. gagccgtatg cgatgaaagt cgcacgtacg gttct lit
211.= 



' 12 = DNA <213> unknown Sequence identified through
homology search using domain 5 of ai5gamma  and
parameters set forth in figure 1 and the
specification. ate Car-arJgaaact tf-jcaegtCJ`.`:)
:Ittct  11.>   Unknown Sequence identified through
homology search using domain 5 of ai5gamma  and
parameters set forth in Figure 1 and the specificatin.
4 5 0 unknown gtoaa (ltt. Sequence identified through
homology search using domain 5 of ai5gamma and
parameters set forth in Figure 1 and the
specification. <400> 4 ga cLLLLL.r ci_ai.3rggaa.5LL
Ljc6agLcica i [ttg ,110> `1  211> 35  212-> DNA. 1
Sequence identified through homology search using
domain 5 of ai5gamma and parameters set forth in
Figure 1_ and the specification. Sequence identified
through homology search using domain 5 of ai5gamma and
parameters set forth in Figure 1 and the
specification. aagctttttCT caagtacs gte .g 211:  212>
DNA <213> Unknown <220> <223> Sequence identified
through homology search using domain 5 of ai5gamma 



and parameters set forth in Figure 1 and the
specification. cagctttttci agg'ggauact egcoogea.c.. ,g
Sequence identified through homology search using
domain 5 of ai5gamma  and parameters set forth in
Figure 1 and the specification. 400'>  gagctetrt _;
.-'agr]gawaut tgaa..igr.ar gtttg 25 Unknown Sequence
identified through homology search using domain 5 of
ai5gamma and parameters set forth in Figure 1 and the
specification. '40f a  gaq'cogt`g 3 atgagaaaoc L
Lci_ugcai_'r gttc DNA  Unknnwn Sequence identified
through homology search using domain 5 of ai5gamma
and parameters set forth in Figure 1 and the
specification. <400> 10 J-:gccgt 3t:7 atrggaaa^c
ttcci_C] 11 Sequence identified through homology
search using domain 5 of ai5gamma  Unknown and
parameters set forth in Figure 1 and the
specification. <400> g<g ogttq atccrr.a.aa'- tt' <210>
12  <211> 35 12 : D 2110 Unknown Sequence identified
through homology search using domain 5 of ai5gamma
and parameters set forth in Figure 1 and the
specification. 0C> ;1 gacicogtatci cgaggaaact tq ocgL
DNA Unknown 



Sequence identified through homology search using
domain 5 of ai5gamma  forth in Figure 1 and the
specification. DNA  Unkown "'J C, <220>  <223>
Sequence identified through homology search using
domain 5 of ai5gamma      and parameters set forth in
Figure 1 and the specification.   qaqc-qt atg ca
agaaaao_.t tire .; c  .211.. 35  Unknown If c:~t
Sequence identified through homology search using
domain 5 of ai5gamma  5g.arnrrl_, and parameters set
forth in Figure 1 and the specification. q.agccgt.arq
cgiggaa ~10>  <211::.  1;_> DNA < 213> Unkown Sequence
identified through homology search using domain 5 of
ai5gamma  and parameters set forth in Figure 1 and the
specification. <400> 10 11 tate cggg;; i ; .212. PUT
tin known q i.-. t. Sequence identified through
homology search using domain 5 of ai5gamma  and
parameters set forth in Figure 1 and the
specification. 



identified through homology search using domain 5 of
ai5gamma   set forth in Figure 1 and the
specification. _ai-1;_cgtat> ecrar_'q_:,3a'._t
tq_.acgt gttct n N N 19  211> 3.i  212> DMA  213>
Unknown <220> :2735 Sequence identified through
homology search using domain  5 of ai5gamme  and
parameters set forth in Figure 1 and the
specification. 40C:> agccgl_atg cgaggaaact I_qc..
cgtgcc uttuI_ 10  11:>  17:> DNA Unknown Sequence
identified through homology search using domain 5 of
ai5gamma and parameters- for h in Figure I and rho
specification. MOO 20 gagccq Lcitq gag .-laCt
Lccacgtg_:q gttCI  armcl>  {  f?rl;Jr";:iCC
idE_"'itiTied. I:.;ir.ill.-7}i }-;~-~i?10-i,g, search
!i =nq di:!r"iaG at ait(aKai and parameters set forth
in Figure 1 and the spec-1L car1c-r,. 0j rr, c-iin11 5
of ai5gori-ma  en~,nn~.:c. ideril:.i.tied through
}i:~rli.;l~_ search '>srl-Lg d and arametei_s ser
forth in figure 1 and the ;>pccificction. t c c. :_ q
:_..c c :i r t_ 



Cg 220 Sequence ideril_ i _tied I . _ 1 - rcu h
hOmclc97 5 nrcn u s i n g _cr:i,n al WWI and p
icaccetei5 not forth in Figure 1 an.i the sooci:i >
.1>ri. DNA a qt t v se.. I- 1.:3] n amain 5 of
ai5ga:[L'"Cla  rlti rl,::' identified thLo i-'cal-;
horr.c:luqr i_ and r.a ameLer _;et fc i-tl, ir. P_qu c
1 and the specif_'_~al:.'.c-n. cagc._gtqtc "i 210'> 25
'211:> 35  <212 I:iAIA 40ii>  `l1q,_c Un }:nonrn 'arch
usirii_i f:l'.!'ria n 01 3i-i: al[I'rl r.l motors set
to',_ Lh i r: Fi euro 1 and t}_e sFie': car LLCy
through; i;c_u,'.'_%1 oqy 7 at'ggq_T>"-laaa'_:L
.at.cac .tacos CIA 21 : Jn{nc~iri %2, encl.
.i.dontitied throe a0 aim `5 :--'foi.I=rrl1-I,~ 11. 1
1 earcr_ and pasarr.e._as oCr for-tr in Figure 1 a:,1
tln-_ spcciticaLiori <.: 4 (I (I > l'_l 7tg nc ci
.'10- 27 X77> ~., 2 1 / r.1'l 4 



> l_II_}:'i _: ^!I.  13 -ierv:'e 1 den`i ri:e C.
th1,,,uglr arch is inC :71 ai CTd:n;ita and parameters
_.CI_ _;r`.lI in Fiqure 1 aril -I1 c:i f.ic,ation.
DIJA  UnOno:,, Ti ;l r;qe ., arch using Jr-11 i a mmo
.d } ,.ra net 1 t_ C : L:, in Fiqu 1 3I::_i I 4n0 > 0
'~(=QCC.i7tgas :?I_( ~ r:a atttcci7a-ii rlr.tc _CIL]
Sl identified thro gb fI rlloiog,,' s at _] 11;111'3
I:d1I1 c1 J qanua_7 and parameters set. forth in
Figure 1 and spoci riCat i( 400> 2!? ;~:~r: .ngtn
a=3'T`T3;_, _I_ igrttr cttc'-3 210:- -<I  12, ['NO.
213:' Unkn!_',vfi e'!_T 1.1 E'S1C:.". 1(.1 ,e i-i
l:.-~ t7. i-: ci through 'caa:h us 1P(.J d iI sin ~.~'
cii5ga11:ms and par.an..-;tors set forl_}l in Fi gt_rc
1 L-i spe i =i' anon. 400 _ .I  gagccq L 7 DN  <212>
Unknown i5!li-:e.. i c :r_t-tied. _hr':_jugh
1iri,:io.!.cu season us.i rio domain 5 of a:i-5gnsiina
and }_:_:rrlaeLer= _. fn:-t-i in Figure = dry:-1
L.fi,: pe_cification:.  glace at.gggaaact atcacgt.3_:]
attta ~ecj~._;NC;c:e ; rlcnr..i.fied through t_
_i'n~_il :~g1 i_atch using; d:_i:nai r. of 21 C;  211:
3.= <<12> DND< 



TI i, haon:wr 71:-a_nc', I_ra set fc:rLi: ri Fi gore 1
an_i she _ es] f.ication. ql_1 r.c i<_l llI... i 1 t
,rcd,-fh h:; b ~~sin~; _3_ilrl i amtta <900
i_(ag000tat~_{ JJ(_)I_ctdaagt c_-cg5.acq gttcO Di]ti
:213> Unknown 35 2 20 2 2 S~_:_JGence e..[1'_ ed
t.hri;ugh homology aoar Ch I irl CJ d omain 5 of
a15gaIIlrl I.  and paramcitels torCh in ig'_Ir:e i
rind the specii.i.c_oi... i.1rt <lIJU 34 {a
g.::_:gtritq cattq,aaaaga tc-J'_ti(: 1.)t_c7:c9-.tot
21.0:- 35  <:211> 35 212:. DN?, ?1:. Unknown c u_nce
idetiLfCl ::1 I_}:rr;u:_{I ]i:;rr:: l: gy s :~rr_}t ng
r!c:rr:ain cad par.-,ln::-:.r.-a set forth in Vi:Jure
1 :,nci -1t sp cificaticr . <10'C' 2ac ccrs:050 i_
aact atcacgtac:J gttcq 211 :212> DNA <21 3> IT,-.known
nrn..a . egoerir_e i _: ri!_.i ' i ad ;.hrough
hcmr_:,lcq se.yl _}i i.is i nc dorr.ain 5 of
.,g<_rrxna  rameters S_- font[ in FigIirc- 1 and the
<-211> 35  212;- DA 111> Jnkii:wn ^Ileri> par rr.
t.:rs act forth _:i N'icr_l.r gad the 40C' 3'
gagocgtatq 



13.> Mr,I: c,:rn 11 IiCC identified L}irljI_I :.; h u
S _ni"T Cu1 ~:rrcaiti _, i_;r :i7. ., ~{7rr L'~1a and
noarameters net forth in Fiore 1 and Lhe
specification. 000 ' 38 g,igcr:gtatr, cggt.ga.a <210>
39  .211- 36  <212> DNA  ?13:> Unknown gt
tgcacgt.a:,.q gttcq 520  23e ;:effluence iuerlLiiiei]
Lil>i iq!1 homology 505X1 usi"y _uilidiri 5 of r .L>_J
1;u.1 and parameters set forth in Figure 1 and Lhe
speci ficacion. gagccgtata att,acgaaag tatcccgtac ugLL
210> 40 211> 35 12> DNA 213> Unknown  G  0223>
Sequence lderltl fled through homology search using
domain of : 1.5garr:rr:a  and parameters set forth in
Fiqura 1 and the specification. OW j > 40 oagccgtatt
custgaaagt :c1tatcltaccr <210> .11  11; <2125 DNA  213
Unknown - ;uer,-::e identified through hnr.-~-1oUy .
c~ar~_h using domain 5 of al5~ra-rnnc. and parameters
set forth in Fiqu.[- and nhe specification. <40'S> 41
, a;rccgtatt cgatgnaogt cgtatgtacq .gcttg .'1U: 42
<211> 3.5 



212= DN A  <213> Ur:knowri lueric.e iden[.;i t ed
l_h.r:-:uq1; iiorRclogy .card; using domain 3 of
ai5ganuna and parameters set forth in S'iqure 1 and
the specification. <::4UI.?> 4   ?10: 1.1> 12-> DNA
213> Unknown -T egacnc l.(3ent.ifi -CI `. ~i2i uqh
horiulcgy search using Cirriialn ': of ai'gai is id
paran:el_ers set fC_,SI_h in 1 anrl the spe
c.i.ii:-ation. <00> 13 aagccgtatt c'gtt'gaaaat
cagatc7ta'c.r_7 Cit LI_i_J :21.0: 44  211> 35  21'_.
DNA 213> N1-1krioeri _ 1 :s , ti~;i nr dc;rn._i.n .i
of .ai~'7alrana  $er- uefice identified through h
hornolc,3r_'y _ ea1rcp r anti paramr,tcrs cot forth in
Pictsrc 1. and the specifioa <40i_1> 44 ar:t'.t.t.tq
rac3Jq J,yayi'1= I.. :' a'=af_C'a 3 rltttrl J'1  12.>
DMA Unknown  '3> Sequence id:=r!tifi ecl through
hcomol'c:gyr and parameters set firth in Fig-are 1 and
Iie 10 4.`i esoc etgctc_aact atrcr_.ac_lcarc.q r_;
tt':_q <210:> 46  211> 36 



<2.1 =i> l_l.niknc_,;:ri qirenr:e 1rienl_ i.f_ied
Ih.[o_01i ]( rrr_lr,_a_,' 5Ccr::: i u.;i ng
drIrn.:,.in of .-3 igo rcita r arii Le-S set forth in
Picture 1 and t` e ificai_ir.ifl. ..L10.>  <-:2 1 1 >
<'212> DNA :213> Ur_knowri e.-n_ierce id_ontitied thro
ian orrc:locr'/ search I-isinq dcniair: )f
--ii-yaim:Ia  ararncrr_r of . c;T-tl in Fi gt::re 1
coil tho eci icaticn. gagcgcaqta 'aacgnrT'-lag g tcctq
i 210 -ii  - 211.> 36 212 DNA > 3: Unknown '.]ll r;C:e
.cliintifiec thro gl-i hom01o. e.-:1L -1 1_;^117'"(
'~_1'_'lnri Y1 parameters f.;-)rth in Figure a rand
tf1C SreCifl 1rat 1.011. 1f' 48 g;igcq(-agta
caacggaaag otgt.atgc <210:> 4 9  <2.11 - .h 212- L''IA
.21_. Un'4ncarn Sequence 1de:1t.i f.1Cl-} through
ho:uo,-L ;gy search usin,_j (1!.'rrl :711= of a .9 mma
an _i. :)=1rr7rllitors set for U] jr) Figuro 1 and thu
perific.ation. l.gtat.g:.g cgttc(l j'..rerlidor7tified
through }i.; oq ,I search using i raain c_;L ai
hrgnrRma and parameters eel: fn-th in Fi-aure 1 the
spocificati<,n. gau a_:auLa cq,;t~_{ aaaat
tutaa:_I:_t':_aL.   



.._1:3> _;rl}Cnr)wri 1lencu Identified Lh c),jgh
h::'d"rr:!10~_~_r searc1 Il:>711 C~ ~l :imain of a S
O)gaIILm,a and I_,aiauieLerrr sot to. rth in Eluriie l
aril rhi- s_ ~,oifi_al_i'on. ,galtgaaar 12: =HA ,: 2 2
0 > r1-, rr, n 5cic Cl-.u4 gt.t. ceq)_i nc denti fi
-,,d through hcnoluu~) :jy warc;, using doniein .`.. r
f ai5=lan r:  _rs set f'onL}1 i n Fi guru 1 arid the s
. e._ .:r i r.r_ticai.  =I-agcacogL a at(r~1r-1,-sgt
tgta.a:jc.tgt dLLL'q 212.- LNi. _I Unkoc:.r ~~ll~ino
i~.~1 `ntltler_t L}]-OU(ilr f7i,r10tuq,:' search using
ci(:Jill.71.11 S of a15:-1anna paraiiel_ 1:= set in
I'inure 1 and the spec.ilic.a=icn. Ol 0. gag:=ttttta
cq`T"1 Ja, a_:'_ Lq_ ,-.,atnca :_[tttc 10>  ,.:11: DNA
i!I1}_n curl !.ueIiilt'. 1.c Feat.: t1~::d through
homology sea rc:h rising domain 5 cf a].5g.irr:ma
or::i parameters set ir,rl_h in ?.gl.lrri 1 and the
sr;eciti_al_ic::ri. 54 cccitgtq ::aatga.aaaa LC.icas
DNA  I_Iii}::io: ni ttq j Sequence identified
I_}"ilcir.lrli homology se-rh us-n(,iuir.ai;i i i.iga
rm:Y rid rri nr:tr;1. sot forth in F'i ura_e 1 acid
the '--:~ Lhrcr_I':3}1 homology search using domain ._
nP a grlrrr.u  'rduel:c~_ i- i~~er_tit.d rcirl.PLE=rS
forth in Figure 1 5110 '[he spec 1. t1 caItion>. 1,;
gccrtatq cagtaaaaat tgcaagtai_g gl_t.t:.g 



r1,1a ii,:: .1 r: _ Ct c: : ilCl:]11l 1 ~~ = y1  {
].C{r;:1t1-1<c . .:t t h r OL'<Ch hUlilCi lc_ig,,% :;
ea l. n }:arainei_cr; : ei: Ic;r }1 i11 Iigure = and
the spo_,i.fi g.=1:i la. tt.c.argttt"1 gttr_ gu'encc
identified through }umol ogy search using dcrivo .i n
5 c i5L;la 11T[I.1 arlc_1 parameters forth in Figure 1
arid the rspecitication. d C 0 > caq:_caaatg qtt
quence derrcifi='i_} L_}-~, f'Jl.ir}}l }li rl,i-ilog ~
yrch Ll ~~1f1!~ domain 5 of ai5f, airuric, 7: .:
meterr set forth -n rirou'_O 1. ricKS ft: aoatq
.iattgaaaaa ttcacqtt Lr equenc'e identifi~_'d through
ea-ch using domain of ai.`,garrar~a r ,_ni er:> s<_-,
forth in Figure 1 and L}:e rsf,ec: f i :anon.
gagccaaatc: aatcgaaaca ttcatgttt!-i OL;_cg e qll
_lli=! identiliec} through hoir.Ui!:i i_l :_2a r.<h
using domain 5 -.f a.i 5gariTllra arl_j in Ficuraa 1
and the <400> S1 a attgaaaag ttcatgttca uttt> '210>
'11.> 1 ?> r1IJA  <-,I-i> Uriklic'rifl 35 1 ..11ti
tied through homology sea i }i domain 'D of
aifga:[CRfl =,nd F acamet r: ; fort}, -11-1 F qure 1
and the specif_caCic,r:. Igo ttcatgjtttgq Unknown 20:
223> Segsence identified through homology search Using
domain 5 of ail--gamma  and parameters set forth in
Figure _ and I he specification. [)  aarjlLa[_q
::t.l:.tggnago agcttgtsca gtttq _10> 64 



11 ._-1 212: .:[dl: 1 W Unknown ec4uerlce identified
through hc.nic lo'gy search using doictaiii 5 of i
iqTaISLa and parameters set forth iri 1='ic u.ra 1 an
the spec,i tication. ctq zatc ct`gaaaaaa q _' _ -c 11>
31  12 0 E NI <213> Unknown _duellce idenLi .Lad [:11
ough homology se arch using domain 5 of ai5gani171n
and parameters sei forth in E'i':_lure I and I_he
spec-::i.Si.:aa.i'en. 31 C:ue[. C. '._' J.::I EFf:1_
fled through h.:i "Il(ill)r{'v' .x.'.77: ':'h 1.';
?1r_g domain r _ of a15i.)al'I![lc and parameters set
forth in ~'i_aure 1 and ttie MOK 66 q.aq'ctgtata
ctatqaaaqt aitacgLa'_:a Sequence identified through
humulo'gy search using domain }: of ai5garnsna and
unr.onicter> out torth in Figure 1 and the
specification. aggagaaagc tt_ccfai_a`cq Lttcl_ DITA
I]-Ilk nc;trn .: 1 irrL'1.1 of .J .7.1t._i gaINna ~_
1;1~nt1t1r_j L}i:(i=; l.]C ~-l }'.:=~m01OCj `;%
Si'd1i_IL~1 1]_;111 and parameters :zt for h jr- 1'i_
are 1 and a 1q: :,,-lgatq i.:tr:..>a gt _11 1  <212
DNA  :.1! eft:;e 1C1 E-1 Ilt.ltiCd t}71~i i~_]i-~=i
i~% :arch using domain 5 at ai_' aIiiaa and 1_:';Ir
ame'te - s sot -=i I=.`; In Plq:.]ro I and lie fica
loo a.-acttt 35 Jenueri_ e t r_ i='r L.I.1= i e - i
Ll~:ing domain c of pia-_. q;-rr.raa poraT:__'_r5 set
tort}l I- r, Si'_juro 1 and the S)=_l r_oi fi _: 



101 CCC1O7 ,-j aaaa cGi-II.:> 211:x, ii  212 OtJA 1 >
r tnno';n lu ri'_ Cn1:ifthrough }lcinolou}: ar::ar
domain 3 of rr_!,;<,lnna and ?Darameters orth i n Fi
qur'o 1 and the uocifica o r , 4;02: gcC,ta- a
~7gtr'.-7.Y~j -:zj I-aI.'.r'-f ato:t gg=rtt DN-
!:1}:1:: 11r1_Ce _dentitie_3 I_}]I';j-: r2;'i
1Cil'.O.Logl sears 1 1:.Sine ticm.-aill 5 of a7.i:;
gaTLma : ..t forth in 11. anc :-.1-1.- o.pcciticaticn.
ar;d F:ar:amrl ,-.r. o ucnce identified through
homology search rising domain 5 of and par<nme`.-rr
set torth in Pi.gure I and the-= ;poci f_.cation. r400
'IeLe-t me! _;_,rLh in 12gurr 1 and ' ie
__wcifiraLiLt: quence idanti Fier] LLirin:i;F::
homology .parch using domain `, of ai5garrrra ~
ameLers set forth in Fiqure 1 and the specification.
queit:e identified '._}trough homology se; re r using
domain a.:g,r:tgtang nt.:.":eLaaaLa aLraLLCac'g 'gtrLL
0210-> <211: 0212 DNA  -..21 nnknuwri quc nc.:: -i
deaf i f i ed through homulogy search using dome i. n
nd peraneLera mel_ forLh in Figure 1 and the
specification. <400> 7(6  ca ctaar,t: at I: 1 r.l lla
35 



210' 77  211 <21. > Lid  <210 Un!knc.un ,]i:.e.]r e
identified through homologj, search using domain `_ of
ai5gamma and parameters sai forth in Ficurc: 1 and .
1-ic su::ciflcat i. <400> 'lm'.l--:d.ia'-'g scgaaa,
aft ; tcatq-ccq gttct DNA 213 > Unkno*. n -:qucnce
identified L:hrrcu jh horn 1cgy sea cc.h Usirig
:-]omaif arid f;ara.neLer: t forth '_n Figure 1 ni_]
t}ie : piar .iticatior_. <;]II0> gaqo:_rigat'-J
aL:-laaaaai:.t. ctcafgt '11= 79  11: 35  uri :n _ wii
~~i[r=91r1 5 of r71~_~:-(amn'na  through 1- r (; -;
.rlT-r:]-i using ]r.re~~c-:e i...:=..-:ntiii~_c:
?icim__ a, .- _ par meters; =-e'._ forth in >: igiire
1 and the La _e _..t ,eit.i :7r {i n attot 210.> 8I..I
211. 212> [NA 13:-, Ulkro:ri_ 2.3:: thrcugh fr_,:nolr_
c. a cl.,c;mairi 5 .,f a 5g,srr.rn<i and p_eramel_e.r:
:_et forth -~-, c igur:_ 1 and the :.I an-, =.i{
cercaaaaCT-4 ocoatq errl-leiice i 3-1t i ticci.
through hom:olog7y _,eancli I.i :~ i r!Cr cIcin a' in
arld pararieter:s `e.. fo f.:h Iii 1:l QU-re 1 and _he
aF~ec:t1i_aL I.orI. 9 an agtttt c 



.,'10 ]  211'  ?12 [NA 13> Urkr_owr: <:22 i ; 1 e l i

.1 cm "A t { Sear.-fi U51ri:.( j n - ~,1_~:-(aILCLi 2.
r ni lr homolon': of <22 > and (_"ararneters _ef_
1i_.rl_Y; i Fi ~rir= 1 arni t';e sr--itica=iori.
SuL<aar,La -rnttrt 37 sear:} oma-rr 5 ai Sgai[r  ~;
1_tCf is .L C11 .:it:`Y1 !_{ t}1S-::'i ll!~}1 }lC?Cf1r
is q'y a nit .. fl< and }_:ararl t Y: L to7t.I1 in F
ia11re 1 .air ::41M> t._ ga:-,:,tq;Tatq 54-t~tcr,~lddr
2 10> ~ } 212> L }dr: Unk_n gner1C 1f{r1:L_i..l 1
laHt:0 5 S !-t f -j throu::(h hi_rrc1 11 arch usir]i;
of 31>i Cfaill11i1 F`i rtur:: 1 .anc _}r_ fi C i f.i
.:at_on. -qt  ;atCj a`(aa`.aa-aci_ i:: I:.i: it 212>
_I}J 13> Ur kno ,c.11wr_:rri: paraiaet=' _1C 11::- 4
213:> L:rikni_ tri 220 11=:A t}i~~ rgl,17 soarr.}1 11s
ii ii~ :'f0 cl-iJ ~_~ :T 31 :1111ai: 



rh in Ficicire 1 find L.11 :;>_.:=:;~i-ic..stiort. ~-
-?FI ~a 11 ;1IlCT _{`'QCr~l-ri i; _11.l-::-laL'[ri~l
;Cit1~.r:ce ir_{6:i1, 1-1 ;A '}_roua` nom, !3 _Us 5
``( p:JralTetors, set ferLSi i_ri Fi ct]'>u 1 and the
si: a:_.i 51 cation. -_41111.` 8 aati_a L t :.:jtgtt
,C' t tttt . -I 210:  <.211> i5 '12: D! 1 LTnknos:: qu
nr -i.i r.i: i 52 .:ci thz. 1:, k E _taol .a r :I
using dc;mair: f _garrlma ::rcr:lct2_rs s .t 1:.,t_
L:' i ilt:ri u1_] t'1 f.: ._ i 1 :-::, 1 2 11 !gt,:.tg
. :_(JtCaaaeF _._ :r-1not ao< i7t l_ <211> 35  <212>
Drd; 1 .213 = Unknown egeence identified through
homology search using domain 5 of ai5gaiurla and
DarameI_ers set forth in Figure 1 and Lhe o
oc_ficaLier:. MA  Unknown r.  q'_]e_ice identified
throl:i_fi F malogy seal:ch using {C;mahi 5 or
aitodllu[Ia and parameters set forth in Figure 1 and
the sped if i cot.i.on. al-.c r:gatgaaagt _L _5Lgca.:G
cttt.t "21 1 <212> J2lP Lriktii:wo I: enc0 identified
Llrouqh homology earch using :_ium.a.in 2 of ai5gamma
and parame2e.rs set forth in Figure I and the
specification. 0r<c gtttt iii=:e idontitied <hrororh
l-:usroloc seal:::`I using 2.:.irein 5 of c15gamma  91
gar cgiatg r=il-':3`_a'_lraa>'t  tctc,.tor. ot_L <211>



:212.: UNY 13> ITr_know- l quF'.nce identified 1hrou,
main of .-ii.`iganrLlia ramoters set for.i..0 in
Figure 1 an! tf-io [_;ecifica 21u .21; <;:12 DNA
:213:> Unknown auerce identified through homology
search '_]<ing :Crr:iif 5 Ct ai5!4orSaa and paramete--
s seL forth in Figure 1 and the specification. 900 ?3
:j i'_ccgtati; :rlttt, ry.y;. ttCzt:_a!_ ..:'3 uence
identified through hc:m.olcgy .=eorch usi.nq domain
`.; co ai5ga1tu< and paoari,eters seL forth in Figure
1 and the snecificaL .on. 4 3cc-:goatq aaaccaaagi
LLcotgttoq 0tttt 35 equer_ce identified through
homology ..=rarcr_ U:riq domain L. of ai Sganuna a
roro:_ters set forth in Figure. 1 and the c.pccif_ca
l_ i on . qagcCq<.a=q , aatcoaaat LLc:otgttcc_: gtttt
':1..?> .i5  i.11.2 K , <212:= DM21 213. Unknown , ;NA
_213:: Utt2.ricwn r~:h usi:i:a .icrn;~in ._~ .:-
ai?c_aatarl~. scan t.e s set forth in Figure 1 and
CI-:e spe'_rification. ggga`1: iat t t c t L: a
C''gtcc (I a tct querice idenLIfl.ed through homology
search using 'uoma.l and Parameters set _orLh in
Eiqur.e 1 and the specification. gagcugtatg
aq`-JLa=,aaat cLr:e -gtacq: gttct _luence identified
through hooici oq y search usin.a C1ur -.i:i .. or
.`gamins ;rsmeters Per forth in Eicn:re 1 and rho spec
f_catiOn. erl!.ienc.e 1der:t'..tied through `icim.c
l.'ogy search using domain 5 of s tgam!na 



,ar d oararriel-ers set forth in Figure 1 and the so _
cifi:=aL i on . ^_00> 103 gagccgl sLg a_ictni a,set
r.tc I_rat. rq,.ience iderlIi fied I_h:-r.jgh homology
search using domain of a_ gar.m.a - ar.d p'arameLers
sot for-.S in t'_gure 1 and the ape::] ficatiLi::. 400
101. cjagccgtalL'.T cgatgaaagL tgcacgLaog gtti_l :211>
102  1. 35 <212> CNN  13' Unknu -nre identified
through }_o;rnlogy search using domain 1 and M ..
::i_i.!-:,-tion.  ;")a rame.t e rs ~ ,L __~Y (. 11 in
E'1~~1 .l.f is 4'C`i> 102  garccgtat.g ]03. 35 220> _
e. (111e. c m_ and parameters ^t forth in Figure _ and
Me specification. <400> 103 .rn3ccc{tatq <gatgaa.agi
t.goacgta AM 104 P11; <212> DNA  <213> Unknown DM
Unknown .1c; gttct a rrana ter:tifiec:i thr._nlgh
}rnmologr : .ea_c`; using domain 5 of _]i>camrna  !a
i, 



gtt ,_. dentifled r_rough }icrr.floc{Y search !jsing
domain 5 of aiSga_a-a  c_ _  ,; .,.~uer._ and
parameters sei._ to-Ill in Figt:re 1 aric:: t}_~
S1'o--ri Licht-ion 9 00 104  _tcl_;jtat5 (-:gat <210->
105  .211.? 35  <212> D?.,  <Y10 iTnknorm <220> :i7
a_a <r-n e lc: ti'.i. d Ciir_u:_a}i hc:n.i_;l.c:q_,
arr:rl using domain 5 _f air,? area parameters set
lorl,, in ,lure 1 arri: she npec_:.i.ricaLIon. <210:>
106  211: 35 '12 > D 1 A> unknown :jr identified Ohs
55511 hmclr)g :.ITCh ! 1>1110 ,lonra11-1 5 ~.Jt
-ti5garic[la  r ,.~~- }1 ' an::i 1:ararec:` is et
=c,rtti in Fi_a11r 1- and tacit i3I.t<it 121C> 10?  K,
:21 1)1'1O,,  -21 Ur;koown 5 i `r' aTC:Ins  leI"iCG
_ij t1 1 = 12'ia. ~}lr:'. Ll!I]l }-L=~rr1G~.i7(3','
.`": r_r!.'i.:li tl I f1 Ca i{o[I f a 1 at fc>r"-h in
i:lure and L. i ; ap :: 1 i1:-ryI i (M. 9011- 10 q
agr__'.gtgtq ~_c3,=,t'gaaai~i_ !-:gcaac{i=:7i,, C} `:J
1-1 .210 108  



211. 35  2 2 2> DtNI. 1 > [1i:} r.as)r; h ` a1lici_;gy
.=earI:}i uiiilq dci raa in 5 of a -5q~',LLIllci
rquenCe 1cieril_J. tirr tl1.r`e': g  -- p r,-maters
.-,t forth in F: i-v1:--~. 1 ao l she ~pecif' ._.<
t_nn. aea Lrjcatq'_ y _'_X gttct <2 3> `equenc
identified t17rc11 Jti }!: -n_lr_; a'; r_.1, 11SiIlr-J
c;mairi 5 of i 5c}ar;u:ia  ar_r_3 ramet-r;; set forth
in iure and ti tion. ;jrigcoctalc1 aatgysca 210% 1.10
<::211:> 35 12 iJ N 21 :> Un: noon '220::: 72'>
;_:.eili t r_C dentifi r_i 1 }:Tp_:nti :ic:Ti.C'1
_'_ay _ari_}i a i_rc.1 rlriTia n 5 t r 1. :,gar l[l~
and parainetars set forth ir. Fic}are 1 and I-he p
__fi ati n. ag000I_ lf4 C'qq L':jU:7.7:_Jt rtci<otgO;
:< t.tct <210> 111  <211: 35 DNA querie ideni_i [] ed
t'ii':_:ugh hoc[,.; sear ch us.i nc _lon.yir ul_
1_dyren 'L r'1 ail c>- 2 a_i~_J the eC]. tica l_
cii_(1:;: 11'1 ia.:gtatq r :.";g aaaa_'1. :
r}:-s'-01-dIc(- qL ii:- rln=:nc:;cI led through using
domain 5 o .0 5g.imrrla parameter r? h i.n Fi gore 1
and the sF eci i I: on . 400> 112 lagccgtatq cgcgcaaa
l_ cjr_,acg-a':q gttct <210 113 ?11. 34 c 12> Ci}'r 



T rl ,' r, n <i.rsr:iet.=r. set forth in Sequence
identified I -r:4;1 ;:> 113 t tea ,.a !m ology
r=.3-Ct1 '_i- 171:. :J>iii:l i n of ai5q,amma ynri
th-:e spec_ticaticn. 3.11 u nr_e identi fi a=id thrcuq
n licmclogT':~ 1rc}i _  and parameters set forl_pi
J.1) 5i.giire 1 cad the snarl 0::> 111  3a gr,Cg 210>
115  11.:- 3`~ :21.2::, lJNA Uiik_ic_i;~a?1 a:l
l-iclC:t ggr.;.:7: Q`.: :,-1 rittcct .1 rig  icetic ~.
quer;eF ' rlenr-A. i cc1 tl:'-oulJh hoiaclog`t'
-cI'.1;1 I-7: Lrlr3. r1;:J:11d :.il .J cif a1 7a Llr
and r:ara_nete_s -el foi. i_}-: in Fi qua> 1 and the
specification. :~-. _{ =Iqq qc rs-t. t:--at':_ltceq
"T-t r't 11c ?_:n rnc:~an 220; Sequence idertif-ei
thr: i_7'a'ii nr;ln l_ rcli :sin? , 1:_rnair_ ri:1
prirara.ot<r:s forth in Fig ce 1 alid Lhe spec:' r
:40C: 110 e;agc:ggtatc agcc.q_,gagq LLcaoeLacc:
gt-_tct. 11  21.2:. 0151 equen._e iczenLifi.eii
through ]ical'.C.I.ogy sears}-; l= inq :_icraa '-i 5
of ai Sgarrsr,a 



and p~arair:eLees .yet forth in FIquro 1 aiv_i flit:
epecilil_ , .ion. <400 117  gtgtq eatc'Cla acT
ttcacgcac_i:: {t.1 210> 118  12> DNA 713 Unknown ';
ganr'ia  Se~.-ru_n`a ic:er:tified of .cii r;
-,rr,:orars sL L'i 1n Figure 1 an,-1 tihe
spef-:c,ation. <.10(i> 118 lageecll:gt.:1 c:]:{cgaaact
I_gc,:::gcac:1 at 21(o 115!  211> 5  21 DNA  2130
in:cn~"n Se re ideiD i f i ed through tonal c,gv
search 1-i _. I riq c Iona' -i r ai5 _7lll il:a  anti
r;aL alp-t!.:r:.= set forth -n Fi.c,.1ru 1 and Life
su:'cifi:c:~L.--: 400~> 11'0 7Q7tgaaacit , 1C: 12, I 1
1 > 3' ,  12.- O)i4l~ -:215> Urikr_c'cr1 aactacq
(-Itttt gi:ei:ce Identified through ~i ~~rf. C1CC~
:=:earcl- osin j mic-sin and 1=~c. r.atiiF'I_F-?"i>
sot torth iii E'1r1!.lrc 1 and the rcf1 c1 ticeticei.
:ll;li.:> 1 )(j gagccc-11-al_a ::'t:cgagagq <.21 C 121
=.1  DNA  Lnkrno>:i ,J9 i-0 al 



ac e `;223 ' gigue ii-,e 1dent 111 ad CI ro1C(1-1 11
moll1',j sea<i:'h l1 11'c durii i `srllrllr7  ar:d
araaiet rs ,e: lir:l l in Fi-aur= I -Irld the sF_;u._
i 1= cation. a'=`-i`:1L(]`3 23> e::11-Terre identified
tllrcn.r l-i homology si ar h using d:j.nai I of
ai.`qarnma arid parameters set forth in E'i-fore 1 and
[he _ e;_1f1.lion :400: 122 aaooocgtgtq_j agciooaaact
ctcatgcacq gtotq 210,123 11:> .. 212> DNA Unkno;-rn i
d'entitied through hcmclogy search using domain n _1
j;, rarneL=1's seL for Lii in FiCj )rr it and tiI
=.'ci -i n..nt...gin 4Cil:; 1.r3 1 124 DI:A  T.Jn;
n:)un Lacer: Lc!L a J. `(-arr.mri 34 2 2 0 : C  .%l-;
=' ..Ot~l]E?II,.-: ;,. 1 :I Ftat7 fl. ~Ad t'IrC']ga
ar.!raf ~._~: c3,,;~ ,..-.::r:,h llS.111::{
.~C~1"Ia111 _. of rarneLers soL f ;eL}: iri F1i.]_Ire
arii_1 the Sf::eci.f:i:_.at. i::'rl. 124  gtrrq
=1gg.j.ga71--j t.i:c]Ci)tni:C I_LI: 2 10: 125 1 DNA.
13: )rikric ;tin 'el-Ii: 1.'deiil 7. J.ed L.;i
iejIJ_.1 gy ,aedr}1 usirI:J -!;]Ia 1. rl Ct 7garCSCa
IJ=irameteS Set forth in F cure _ and the
sF:.eccificatian. 400 125 .iaucc_TLaLq aI:agga~uet
at~ac`l:ucq gttct 1[1J 1 _[i 11 



1 - `MA  13' Unknown 7uurii=e identified through
homoinc7',,' search wing domain 5 ^ot a15g.aii.lD.a
and parameters set loath in Ficure 1 and the ~:eciti'
_ticn.  D  Un known 220 cqucnc - i d ent.ifind through
homology scar ch using domain 5 cT ai5gaiu a and pa
rameLers =1_ With in Figure 1 and Lhe specific' I:i
in. ct-lctgaaagrJ Lc_1 acgt cu nLL g 35 0600 1
laromyc.e. cerevis.1ae e ?rrns.pundin_J to Lure of
:2runr_; 11 caLaivl:ic RAJA of ai53. _T7qi_'cguaLr_J
ccaugaaaqu cgcaoquacq cTuu: 34 




