
;vwxye3eU.U v6T. P. Process for Discriminating between
Biological States based on Hidden Patterns from
~zato~ical Data This application claims benefit under
35 U.S.C. sec. 11.9(e}(1) of the priority of
applications Serial No. 60I232,909, filed September
12; 2000, Serial No. 60/275; 550, filed March 23,
2001, Serial No. 60I? 19,067, filed July 1 S; 2000,
and U.S. Provisional Application titled "A Bata Method
Algorithzxl Reveals Disease with 10. Protein Signal of
Ovarian and Prostate Cancer in Serum," (Serial. Nc~.
to be assigned), fled May, 8, 200I which is hereby
incorporated by reference in its entirety. J. Field of
the Invention The field of the invention concerns a
process for determining a biological state through
tlae discovery and analysis of hidden or non-obvious,
15 discriminatory biological data patterns. The
biological data can be from health data, clinical
data, or from a biological sample, (e. g., a
biological sample from a human; e_g.. serum, blood,
saliva) plasma, nipple aspirants, synovial fluids,
cerebrospinal Fluids, sweat, urine; fecal matter,
tears, bronchial lavage, swabbings, needle aspirantas,
semert; vaginal fluids) pre-ejaculate, Etc.), ete.
which is anal~~ed to ~0 determine the biological state
of tree donor. The biological state can be a
pathologic diagnosis, toxicity state, efficacy of a
drug, prognosis of a disease, etc. Specifically, the
invention concerns analytical methods that a) discover
hidden discriminatory biological data patterns (e.g.,
patterns of protein expression in a seem sample that
classify tJ'~e biological state of az~ organ) that are
subsets of the 25 larger data stream; said
discrimination impIying the ability 1o distinguish,
between two or more biological states in a learning
set of data and b) tlZe application of the
aforementioned patterns to classify unknown or test
samples. More specifically ihc invention concerns a
method for analysis of a data stream, which is derived
from a physical or chemical analysis of molecules
(e.g., proteins, peptides, 1~NA, RNA., elc. ) in the
biolobical sample (e.g., a mass spectrum analysis of
the samplel. 'These patterns are defined as "hidden"
because they are often buried within a larger highly
complex data set and a=e not obvious or apparent to
the eye or other current classification systems. The
pattern itself can be defined as the combination of
three or more values such that the position of th.e
vectors in an ndimensional space is discrirninator)r
beW een biological states even when individual 10
values may not be discriminatory. The discriminatory
patterns of the invention are novel because they can
be defined without any knowledge of the identity oz
relationship betu`eez~ tile individual data points in
th.e biological data or any lcno,~uledge of the
identity or relationship betv~een the molecules in the
biological samples. 15 One analytical method to
discover such biological states comprises the
application of tv~o related .heuristic algoz~dlms, a
leaning algorithm an,d a diagnostic algorithm;
whez~eLn, the parameters of `she diagnositic algorithm
arc set by the application of the learning algori thzn
to a.1 earning set of data such that two or more
biological states may be distinguished. Such
biological states may be the presence or 



?0 absence of a disease, efficacy or non-e~cac~~ of a
drug, toxicity or non-to>:icity of a dzug, etc,
although the invention is generic, specific
implementations for diagnosis of various cancers
(including; but not limited to carcinomas, melanomas,
lymphomas, sarcomas, blastomas, leukemias, myelomas,
neutral rumors, ctc., and cancers of organs like `~e
ovary, prostate, and breast); presence of a pathogen;
and toxicity arc 2   disclosed. `fh a preferred
embodiment of the invention is the discovery and use
of molecular patterns that refIect the current or
future biological state of an organ or tissue. Another
embodiment of. the inve~ation is the combination of
data describing the molecular pasterns of a biological
state with other non-biological or clinical data 5
(e.~ , psychiatzis questioning) to yield a
classification describing the health of a p atient.
II. Background of the Iwention The detection of
changes in biological states. particularly the early
detectzan of diseases has been a central focus of the
medical research and clinical 10 community. The prior
art includes examples of efforts to extract
diagriostic information from the data streams formed
by physical ox chemical analysis of. tissue samples.
These techniques are generically termed "data-mining."
The data atreams that have been mined are typically of
two forms; analysis of the levels of mR'hiA expression
by hybridization to DNA oligonucleotide arrays ("DNA
mieroa~-rays'') and 15 analysis of the levels of
proteins present in a cell or in a serum sample.,
wherein the proteins are characterized either by
molecular weight using mass spectroscapy or by a
combination ofmolecular weight and charge using a 2-D
gel technique. Rajesh Parelch and eoheagues have
described protein based data mining diagnosis of
hepatocellular cancer using serum or plasma samples
('lxJO 2U 99/416I2) , breast cancer using tissue
samples (~~,~0 0015~62~) and rheumatoid ar`dZritis
using scrum or plasma samples ('fJO 99!4792S). In each
publication, a tu~o dimensional gel analysis is
performed. The analysis consists of measuring the
levels of individual proteins as determined by the 2-D
gels and identifying those proteins that are elevated
or depressed in the malignant as compared to the
normal tissue.   Liotia and Petricoin (WO 00!49410)
provide additional example; of:.w. proteinbased
diagnostic methods using both 2-D gels and mass
spectroscopy, However, the analysis of Liotta and
Petricoin is similar. to Parekll in that it consists
of a search for specific tumor markers. Efforts to
identify tumor markers have also been 5 performed
using DNA microarrays. Loging, W:T., l000, Genozne
Res. 10, 1393-0?, describes efforts to identify Tumor
markers by DNA microazrays in glioblastoma
multiforzne, Heldenfalk, L: et al., 2001, New England
J, Ivied. 344, 539, report efforts to identify tumor
markers that distingtuish 137e hereditary forms of
breast cancer resulting from BRCA 1 and BRCA2
mutations from each other and fr oni common 10
idiopathic breast cancer by data-mining of DIvTA.
microarray data. AIon et al., 1999, Pl\lAS 9G,
6745-50, describe the use of DNA 



microaray techniques to identify clusters of genes
that have coordinated levels of expression in
comparisons of colonic tumor samples and normal
colonie tissue. These studies did, in tact, identify
genes that were relatively over or under a>:nressed 15
in the tumor compared to normal tissue However, tree
clustering algorithm was not designed to be able ~.o
identify diagnostic patterns of gene expression other
than a tumor marker type pattern. Data-mining efforts
directed towards indicators other than tumor markers
have been used for diagnosis. These efforts routinely
employ pattern 20 recognition methods to identify
individual diagnostic markers or classify
relationships between data. sets. The use of pattern
recogzaiti.on methods to classify genes into
categories based on correlated e:;.pression under a
variety of different conditions was pioneered by
risen; M., et al., 199S,, PNAS 9$, J 4563-6i5; Brown,.
NIPS, et aZ., 2000, PNAS 97, 26?-67 and .A.lter, O.,
et al:; 2000; :FNAS 97, 107 O1-06. Tn general, these 4
techniques use a vector space in which earn vector
corresponds to a gone or location on the DNA micro
array_ Each vector is composed of scalars that
individually correspond to the relative levels of
expression othe gene under a variety of different
conditions. Thus, far example, Brov~m et al. analyzes
vectors in a 79 dimension vector 5 space where each
dimension corresponds to a time point in a stage of
the yeast lifecycle and each of 2,467 vECtors
correspond to a gene. The pattern xecognitiori
algozitl~s arc used to identify clusters of genes
whose expressioal is co~elated with each other.
Because the primary concern is the correlation of gene
expression, the metric that is ernployed an the
pattern recognition algorithms of Eisen et al. and 10
related works is a Pearson coefficient or inner
product type metric, not a Euclidean distance metric.
Once clustering is established; the significance of
each cluster is determined by noting any common, known
properties of the Genes of a cluster. The inference is
made that the heretofore uncharacterized genes found
in the same cluster may share one or more of these
common properties. 15 The pattern recognition
tech,~iques of Eisen et al. were applied by
~.,lizadeil arid Staud'~ to the diagnosis oz types o~
malignancy. Alizadeh and Staudt began by constructing
vectors, each correspondizy to a gene, having scalars
that correspond to the relative level of expression of
the gene under some differentiation condition, e.g.,
resting peripheral blood lymphocyte or mitogen
stimulated T cells. 20 The pattern recognition
algorithm then clusters the Genes according to the
correlation of their e>:pression and defines a pattern
of expression characteristic of each differentiation
state. Samples of diffuse large B-cell lympl'omas
(bLBCLI were then: analyzed L~~ hybridization of mRNA,
to the same DNA microax~rays as used to determine the
bene clusters. DLBCL were found to have at least two
different gene   expression patterns, each
characteristic of a normal differentiation state. The
prognosis of the 17LBGL was found to correlate with
the characteristic differentiation state. '1-hus, the
diagnostic question posed and answered in Alizadeh and
Staudt v,~as not benign or rnalignaxat but rather
ofdeterrnining the type or subtype of malignancy by
identifying the type of differentiated cell having a
pattern of gene expression most similar to that of the
maliguancy) Ali2adeh et al., 2000, Nature 403,
s03-511. Similar techniques have beexx used to
distinguish between acute myeloid leukemia and acute
l5~nphoc~tic leulcernaa. Crolub, T.R., et al., 1999,
Science 2~G, 531.a537. Accordingly, it can be seen
that data-mining methods based on the 10 physical yr
chemical analyses having Large numbers, i. e., greater
than 1,000) of data points consist of t~JO types:
data-mining to identify individual markers such as
gents or proteins having expression levels that are
increased or suppressed in malignant cells of a
defined type compared to normal cell; and data-mining
wherein a pattern of known gene e~ pression
characteristic of a normal differentiated cell type is
used to 15 classify a l:no~~ malignant cell according
to the normal cell type; it most closely resembles.
Thus; there is a need for methods that can determine
biological states using biological data other than:
single markers (such as tenor markers), or gene
expression clusters. Usually, the role that single
markers play in the pathology of a 20 disease must be
known and established, quite often at great cost,
prior to the analysis of a biological sample.
Additionally, tl'hese markers are often localized in
internal organs or tumors; and complex, invasive,
localized biopsies must be performed to obtain
biological samples containing such markers. Given
~~l~e complexity of biological states such as a
disease there is an exceptional need fox tl-~e ability
to 



6   ciia~ose biological states using complex data
inherent to such t?iologicaI states without prior
extensive knowleddc c~fth.e relationship of molecules
present in such samples to each other. Additionally,
gene capression cluster analysis is limited in scope 5
because such analysts incorporates an analysis of all
e:~pressed genes irrespective of whether the
expression of such genes is causative or merely
influenced by the causative action of those genes that
are characteristic of the biological state. The
clustering analysis does not incorporate solely those
genes that aye characteristic of the biological state
of interest, but uses the entire range of data
emanating front the 10 assay, thus malting it cox~~,pl
e>: and cumbersome. Furthermore, gene expression
analysis must involve nucleic acid extraction methods,
making it complex., and timeconsuming. Pattern
reeogreition algorithms when applied are also rendered
difficult because the correlation of gene expression
that is employed is a complex Pearson coefficient or
inner product type metric, and not a simple Euclidean
distance metric 15 Xn contrast to the prior art, tree
current invention discover~ optinal hidden znolecuiar
patterns as subsets twithin a larger complex data
field, whereby the pattern itself is diseziminatory
between biological states. Thus) the current im-ention
avoids all the aforementioned problems associated udth
the analytical methods disclosed in the prior art,
and,>zas the ability to discover heretofore unknown 20
dia~rzostic patterr-~s. Such lu dden rxtolecular
patterns are present in data streams derived from
health data, clinical data, or biological data.
Liological data may be derived from simple biological
fluids, such as semrn, blood, salivs, plasma, ztipple
aspirany~s, syovial fluids, cerebrospinal fluids,
sweat, urine, fecal znaiter. tears. bronchial lavage,
swabbi~gs, needle aspirantas, semen, vaginal fluids,
pre-ejaculate, 7   ere., making routine sampling easy;
although t'he expression of such molecular patterns
are characteristic of disease states of remote organs.
No prior knowledge of specifc tumor markers or the
relationship of molecules present in the biological
sample to each other is required or even desired. The
current invention also discloses 5 methods of data
generation and analysis. Such methods of data analysis
incorporate optimisation algozithms in which the
molecular patterns are recognized, and subjected to a
fitness test in which the fitness pattern that best
discriminates between biological states is chosen for
the analysis of the biological samples. IC.~. Summary
of the Invention The invention comprises the use
oFpattern discovery methods and algorithms to detect
subtle, if net totally hidden; patterns in the
expression of certain molecules in biological samples
that are potentially diagnostic in nature, or
predictive of a biological state. Ir. one embodiment
of the invention such patterns of molecular expr
ession are patterns of protei:z e~:prcssion,
parti4ularly patterns of low molecular 15 weight
proteins (i.e. less than 20,000 Da). Such hiddeT~
pat_<esis ofprotein e~:pres~ion may be o btd.ined from
only a sub-:,et of t~'he total dafa-stream provided to
1.lie algorithm, sevora]~ subsets, or maY be obtained
from an analysis of the total data stream. The pattern
can be def ned as a. vector of tk~r~e or ruore values
such that the position of the vectors in an
n-dimensional space is discriminatory betZt~een
biological 0 states even when indivi dug! values may
not be discrinLnatory. Th a m of ecu 1 es of iliterest
may be any relevan~ biological material such as
proteins (full, cleaved, or partia.~lly e:~pzesscd),
peptides; phospholipids, DNA, RNn,., etc. The
discriminatory patterns that discriminate betweerx
biological states are open small subsets of data
redden in the largez data stream derived frvzn.
yhysical    or C17~T~,7IGal analy~i5 Gf tfle
bioiogicai sample. T has, 1r1 OxdLr t0 fll'1C1 SilCh
discriminatory patterns that distinguish bet~,~~een
biological states, a means for finding an optimal set
of features that make up the discriminatory pattern is
required. The invention incoporates the process for
finding this optimal set offeatures. A, number 5 of
feature selection zxaethods fox discriminatory
patterns may be used to practice the invention with.
varying degrees of classification success, 'these
include, but are not limited to, statistical methods,
stepwise regression methods. linear optimization
methods, etc. ~-lowever, statistical methods have some
limitations in that they are often linear, at least in
their simple, well-hnowrl forms such as multivariate
linear 



10 regressions. Futhermore, statistical models tend
not to, be robust with respect io non linear data.,
The number of independent variables a statistical
model can successfully employ is generally ten or
less, with a practical preferred limit of hue or six
The pzeferred embodiment uses a rr~cthod that couples
the benetic alaoritlm; an evolutionary computation
method, directly to an adaptive pattern recognition 15
algorit~un to Efficiently find the optarnal feature
set. See U.S. Fatent Application titlEd "heuristic
I~cthod of Classification," (filing date: June 19;
2001, clairninb priorit,~ of application Serial No.
60/? 12,404, filed Juzle 19, ?000). One method
disclosed by Jas imentiozl consists of i,.vo related
heuristic algorithms, a diagnostic algori`~-rr and a
learr~ing algorithm. The diao iostic 20 algorithm is
generated by the application of the learning algorithm
to a leam.ing (or training) data set. The learni,-~c
data set is a data set zormed from biological samples
for which the biological state of interest is provided
for the pattern discovexy operation. For instance, the
learning data set may comprise data taken from the
seta of individuals -w~.th an establishecJ biopsy
diagnosis; e.g.) a benign tumor and a 9   mj.]ic m~~t
tumor. This would c~zablc the learning aiboxithm to ;
ind a si~aturc payrn of proteins that could
dise.riminate normal frorz~ cancerous sera sarrapies.
In one ezrbodixnent, tre method according to the
ir_vention begins by 5 10 subjecting a biological
sample to a high throughput physical or chemical
analysis to obtain a data stream. Such. data streams
include, but are not limited to; mass spectral data of
proteins found in the sample or in .the intensity of
rriTZNA hybridization to an array` of different test
polynucleotides. Generally, the data stream is
characterized by a lazge number (10,000 or more) of
intensifies which are generated~in a way that allo for
the corresponding individual datttrn in data streams
of different samples to be identified. The first step
of the diagnostic method is to calculate a vectoz-, i.
e., a n 15 ordered set of a small nurnber (between 2
and 20100, more typically betwsen S and Q08) that is
characteristic of the data strearri. The
transformation o.f the data steam into a vector is
te~-rned "abstraction." Tn the present
ernbodizr_~ertts, abstraction is performed by
selection of a small number of specii'ic intensities
from the data stream. The second step of the
diagnostic mclhod is to determine in ~?r>aich. if 20
cry; data cluster th,e vector rests. Data clusters azE
mathematical constructs that are tl3e
r~raultidim.erlsiona.l equivalents of non-over]apping
"spheres" of fixed size in the vector space. Such data
clusters are Down as hypersphetes. The location and
associated diagnosis of each data cluster is
determined by the learning algorithm from the training
data set. if the vector of ibe biological sarsple lies
~~ithin a kno~%vn cluster. the Sari7ple 15 gitren the
diagnosis associatedwlth t]]gt cluster. If the
sa~-nFl~ vector rests outside of any known cluster a
diagnosis can be made that the sample does not meet
that classi icatioai criteria or that it is of an
unspecified atypic, i.e., an 10   "atypical sample,
7~IGS.'' ~c~r example, if a biological sample taken
rrom a patient does not zrleet the classification of a
malignant state for a specified cancer; it will be
classied as :.on-rr~allgna~nt non-nonrlal or of an
unspeci~.ed atypia, "atypical sample, NOS," Trlc
learoinb algorithm utili :es a combination of known
mathematical techniques and t~~~o pre-set parameters.
. The user pre-sets the number of dimensions of the
vector space and the size of the data clusters.
Typically, the vector space is a normalized vector
space such that the variation of intensities in each
dimension is constant. Thus, the size of the cluster
can be e.;pressed as a minumun percent ~ 0 similarity
amore the vectors resting W thin the cluster. 



In one embodiment, the learning algorithm contains of
to generic pares, vrhich have been developed by others
and are well l~;no~u~n in the field - - a genetic
algorithm (~.H. Holland; Adaptation in Natural and
rlzrtificial Systems, MIT Press 1~4~) arzd a selF
organizing adaptive paern recognition system (T`.
Kohonen, 15 Self Organizing and ^~ssociative Memon~, 8
Se~~:es in ln:forn;alicn Sciences, Sp; roger Verlag,
19S+; Kohdnen, T, Self~organizing Maps, Springer
Verlag, Heidelberg 1997 ). CTenetic algori~tbrns
organise and analyze complex; data sets as if they
vrere information comprised of individual elements
that can be ;manipulated through a computer driven
natural selection.process. 20 In the present
invention, the search foz hidden or subtle patterns of
molecular expression that are, in and of themselves
"diagnostic" is qualitatively different fTOm those
generated by prior art implementations of learning
algorithms or data-mixjing techniques. Previous
implczr~entayuons of data-rnining'raaae identified
specific molecular products that are indicative of a
classification, e.g., proteins oz 11   tl
a.~-~.sciipts ihai as-e elevated or dCj~rCSSed in
pathological conditions. Thus, the level of the
identified molecular products is termed per sc
diagnostic, because the level of the product is
diagnostic v..~ithout any fiu-thcr consideration
oftiae level. of any other molecular products in the
sarrtple, other than perhaps a normalizing molecular
produci: 5 that is used to normalize the level of the
molecular products. One example of such per se
diagnostic molecular products axe tunxor mwkers. By
contrast; in the data cluster analysis according to
the i.nventaon, the diagnosvc si~.WCcance of the level
of any particular marker, e.g., a protein, or
transczipt is a function of the levels of the other
eIerx~ents that are used to calculate the 10 sample
vector. ~ueh products are termed hereinafter as
contextual diagnostic products. Thps, in prior
im..plemez~tations of data-nsir~,nd tecllni~ues, the
likeness betvaeen the biological sample of interest
and the learning data set was based on tl~e specified
groupings of the biological sample compared to the
specified diagnostic molecular products. However, in
the invention; the teaming algorithm discovers a 5
wholly new classification patterns writhout lcnowing
an~~ prior inforn~ation about tlii: identity or
relationships of ~e data pattern, i.e., w~i+hout prior
input that a specified diagnostic molecular product is
indicative of a particular classizication. the present
invention is based. in part, on the unexpectedness or
xaon obvious discovery of ~ndi_ag hidden conte>aual
diagnostic patterns to yield a ?a classii'xcation,
e.g., the diagnosis of malignancy in cancers such, as
carcinomas. melanomas, lymphomas, sarcomas, blastomas,
leukemias, rr~yelomas, and neural 'tumors. 12   N>'.
fin `1 a ttY Detailed Description of the  Invention
The invention comprises a) creating a data stream
representing the biolo`ical data (or combinations data
streams representing the'bialogical dai~a within
clinical, health, or non-biological data) and
abstraction of that data into characteristic S
vectors; b) the discovery of hidden diagnostic
patterns of molecular expression (i. e. pattern
discovery); and c) detezmining which biological state
of interest such a pattern of molecular e~;prcssion
r~pzesents. The molecules of interest may comprise,
but are not limited to, proteins) peptides; RNp,, DNA;
etc. The biolagical samrles comprise, but are not
limited to serum, blood. saliva, plasma, nipple
aspirants, synovial fluids, 10 cerebrospinal fluids,
svdeat, urine, fecal matter, tears, bronchial lavage,
swabbings, needle aspirantas, semen, raginal fluids,
pre-ejaculate,. etc. The biological states of interest
may be a pathologic diagnosis, to~:xciry state,
efficacy of a drug, prognosis of a disease, stage of a
disease, biolo?ical state of 



an. organ, presez~cc of a patl-logen (e.g., a virus);
toxicity o! one or rxiore drugs, etc. I S The
invention may be used foz the diagnosis of any disease
in which changes in the patterns of e>:pression of
certain molecules like proteins allow it'to be
dia-tinguished from a non-diseased state. Thus, any
disease that has a genetic component in which the
genetic abnormality is expressed, one in ~Nluch the
expression of drug to~;iciy is observed, or one iu
urhich the levels of molecules in tl-~e body are
affected may be 20 studied by the current invention.
Such diseases include, but are not limi ted to,
cancers (cazcinomas, nselanomas, lymphomas (both
.ldodgkin's and non-l~od~kiWs type), sazcomas,
blastornas, leulcemias, myelomas, and neural tumors,
such as glioblastoma, er~c.), Fylrheimer's disease,
a.rth.ritis, blomeruu.lonephzitis, auto-immune
diseases, etc. 13   l:xampics o? r_;xai~omas include,
Guf a;c n~~t lirr~.ited to, carciraomas of tile
pancreas, ~dxmy: liver and lung; gastrointestinal
earcinoznas. The preseztt invention is particularly
valuable far the diagnosis of specific diseases for
which early ding. osi.s is important; but is
technically difficult 5 because of the absence of
symptoms, and for which the disease zn.ay be expected
to produce differences that are detectable in the
serum because of the rr~etabolic activity of the
pathological tissue. Thus, the early diagnosis of
malignancies are a primary 'focus of the use of the
invention. 'I~e particular components ofthe invention
are described below. 10 A. Creatiom of tI-~c 3Data
Si:reaxn The data stream can be any reproducible
physical or chemical analysis of the biological sample
that results in a high throughput data stream.
Preferably, the high througltput data str~az:~ is
characterized by 1,000 or more rneasurernents that can
be quantified to at least T pant per thousand (three
signitcant fiwres) azd more 1 ~ preferably one part in
10,000. There ehist. nurr~,erous methods for the
veneration o f data st:e~-ns. In one erzzbodixnent of
the invention when the molecules of interest are
proteins or a tides, "tirr~e of. flig " p P P ht mass
ectra of pr otetn" may be used to generate a data
stream. More specificzlly, matrix assisted laser
desozPtion ioni: anon time of flight (MALDI-TOF) and
surface enhanced laser de5orptiOZ lOrliZaiion ti:x~e
of flight 20 {SELDI-TOF) spectroscopy may be used ~hen
the molecules of interest are proteins or peptides.
See generally '~JO 00/49410. I:.n one embodiment,
SLLDI-TGF rnay be used to generate data stre2,tns for
bioIotrical states representing to:;icity, and
detection of pathogens. In yet another embodiment,
data streams may be generated using seria7~y aznpli~ed
gene expression (SAGE) for gene expression
classiFcation. In 14   some circureataLnces, data
strea,~.-ns may be ~erfexated usma ~-D gels such as
rv~o dimensional polyacrylarnide gel electrophoreses
(?D-P ~,GE). lror clil:ical pai~hology. u'~e prcfered
patiei~i sarnpIe for 2nslysis is 



serum. >`Iowever, biopsy specixxl.ens that are
relatively homogenous may also be used. 5 Por certain
disease states, other fluids can be used, e. g.,
synovial fluid may be used in tree differential
diagnosis of a.Ithritis or urine in the differential
diacnosis of glo~aeruloneph.zitis. The particular
proteins that are included in either ~~LDI- T OF and
M~'LDI-TOF analysis depend upon the sur~l~ace or
zxiatrix that is employed. Z 0 Lipoph~~lic surfaces
such as C-18 arcane smfaees are particularly
com~enient compared to anionic or cati.onie surfaces.
~lowever; those skilled in the art will appreciate
that multiple spectra can be generated tom the same
sample using different sw~faees: These spectra can be
concatenated to yield "superspectra'' whi ch ca,-~ be
analyzed according to the in ~; ention. Likev,~ise;
data from tyro or zxlore high 15 tluoushput assay
rnetluods can also be.joined which can be ,analyzed by
the in~~ention. FurtheTn~ore, biological data as
described in tlZi,s invention can be joixjed with
clinical, health, or nor.-bzolo~ical data. V~~I~atev~r
suxface, matrix or cembiz~ation of suria.ccs and
matl-i~;es are to be used, great care must be
e:cercised to unsure that tha surfaces are u-nij'orin
from 20 one biological s<;.mplc to the ne~a. T>le data
stre:~m ca.~ aiso include measurements that are not
inherenthr oxgaziized by a single ordered parameter
such as molecular weight; but Lave an ar bitrary
order. Thus, DNA mi croarra~~ data that simultaneously
measures the expression le~fels of 3,000 or rrlor a
genes can be us ed as a data strcarn when the tissue
15   sample is a biopvy spGCimen., zeeogn.izistg that
the order of the individual genes in the data strcarn
is arbitrary. Those skilled in the art wiIl appreciate
that in keeping with the available commercial
embodiments of the intstruments, the description of
rate S invention considers the generation of the data
stream from a biological sample anal tl7e abstraction
of the data stream based on the optical logical
chromosome to be two separate processes. I However, it
is apparent that only routine design choices would
allow for the measuring instrument itself to perfornt
the abstracting function. This in no voay changes the
contribution of the. ins-ention to such a diagnostic
method and the 10 claims ire to be constructed as
allowing the abstraction and vector analysis portions
of the claimed diagnostic method to be performEd on
di~rerent computing devises. Tt should be noted that a
single data stream from a patient sample cart be
analyzed.for multiple dit.cnoses using the method of
the inveniior~. The additional cost of such multiple
analysis. would be tri-~ri21 bocause the steps
specific to each 15 diagnosis are computational only.
The Abstraction Process 'The ~.:rst step in tr,e
diagnostic pxocess ef the invention is ;lie
transformation or abstraction. of the data stream into
a characteristic vector. The data may be conveniently
normalized prior to abstraction by assigning the
overall peak an 



?0 arbitrary value of 1.0 and, thus, all other points
fractional values. For e;;ample, in the embodiment in
which the data stream is generated by TOF Mass
speciTa, the most simple abstraction of TO.~ mass
spectrum consists of the selection of a small number
of data points. Those sl,:illed irz ~-ie art will
recognize that more complex functions of multiple
points could be constructed, such as averages over
inten~als or mote eomt~le;: 16   swm.s ox difii:r(;
nCES l7etvreen dat2 potnt5 that are at predetermi'oed
distance Irorn a selected prototype data point. Such
functions of the intensity values of the data stream
could also bi: used and ar4 expected to function
er~uivalentI jJ to the simple abstract illuarated in
the worb~ins examples. Those skalIed in the art will
also appreciate that routine experimentation can
determine whether abstraction by taking the
instantaneous slope at arbitrary points could also
function in the present invention. .A.ccordingly, such
routinely available variations of the illustzated
working examples are witlun the scope of the
invention. 10 ~C. ~attexll nxSCOVeT~ Pattern
discoverJ~ is achieved by numerous methods as
discussed in the Sununa.ry above. pIow~:vcr, in a
preferred embodiment, the pa.ttem discovers` comprises
a diagnostic algorithm and a learning algorithm.
l~hus, in ord~:r to practice ilrs embodiment of the
Tnvention the routine practitioner must develop a
diagnostic I S algorithm by cmployirxg a learning
algoritlu~. 'po employ the leaning algo_rithrr~, tl~e
routine practitioncr~use5 a training data set and must
select two parameter s, the number of dim~ri.~i~hs and
the: data clustEr size, See U.S. Patent r'! pplication
titled "1~ieuristic Method of Classification," (fiiinc
date: June 19; 200l, clain~iz~d priority of
application Serial I~o. 6U/212,04, filed June 1J,
2000). ?G In orze cmbodinaerat, the learning
algoritlirn can be implemented by combining two
different types of publicly available ?eneric
soft~,`are, which have Peen developed by others and
are well hnovrn in the field - a genetic alcorithm
{J.I~. 1-i olland, Adapturio~~ ifz Nat~rral and
Araificial Systetus, MRT Press 1992) that 17
prUC,eSSeS a set of logical cl~crnosom.es~ to ider~ii~
an optimal loFicai clwornosome that controls the
abstraction o~tne data steam and a adaptive self
organizing pattern recognition system (see, T.
Kohonen, Sel~'Orgarzi~irzg and .9ssocia~~oe Memory, 8
Series in .(izformatiotz Scienee.s, Springer Verlag,
1984; Iiohonen, T, Scl~or,~arrr.'=irzg 5 lulans,
Springer Verlag, Heidelberg 1997 ), available from
Group One Sofi~~~are, Cn-eenbelt, ZVfD, v~hich
identifies a set of data clusters based on any set of
vectors generated by a logical chromosome.
Specifically, the adaptive pattern recognition
software maximizes the number of vectors that rest irz
homogeneous data clusters, i.e., clusters that contain
vectors of the learning set having only one
classification type. 10 The genetic algorithm
essentially deterrn,ines flue data poets whicm are
used to calculate the characteristic vector. However,
in keeping with th.e nomenclature of `dr.e tt, the
list of the specioc points to b~ selected is termed a
logical chromosozne. The logical cluoznosorne contains
as many "gen.es~' as there ate dimensions of the
characieristie vector. .A.ny set of the appropriate
number of data I S points can be a logical chromosome,
provided only that no gene of a logical chromosome is
duplicated. The order of the Genes 'nas no
significance to the invention. Genetic algorithms can
bE used when zlvo conditions ure;net. A particular
solution to a problem must be able to be expressed by
a set or siring of 20 fixed size of disc; ete
elements, which elements can be numbers or characters,
and t_he The term logical chromosome is used in
connection with genetic leanung algorithms because the
logical operations of the al_Qorithrn are analogous to
reproduction, selection, recombination and mutation.
There is, of course., no biological embodiment of a
logical chromosome ix~ DNA or othen~~se. The genetic
learr~.izag algoriihrils of `~e invention are purely
computational devices, anal should not be con.Wsed
with schemes for bialogieally-based information
processing. 18   5~~~12gs Car, be r~con~hined tc
}~ieId ~ri.l-mr solutions. On.e must also be able to
calculate anumerieal value of the relative rserit of
each solution, na~n~ely its fitness. Under these
circumstances, the details o.f tJ:e genetic a)gvriihm
a.re ~.tnrelated to th.c problern v,~hose solution is
sought. .Accordingly, for the present invention any
generic genetic algorithm software rnay be employed.
The algorithms PGAPack libraries, available from
~,~ootu~e National Laboratory is suitab)e. The
calculation of the fitness of any particulaz logical
chromosome is discussed below. In the illustrative
exa.~ples, a training data set of about I 00 sample 



data streams was used, each sample da`u~ str~earn
conta.inm~ about 15,000 data points. 10 The genetic
algorithms were initialized with about 1,S00 randomly
chosen logical chromosomes. ?.s the algozithm
progressed, the more fit logical ehramosomes are
duplicated and zhe less fit are terrrainated. There is
recombination betvxleen logical chromosomes and
mutation, winch occurs by the random replace~le.nt of
an element of a logical chromosome. It is not an
essential .feature of the invention that the l~
initially selected collection of logical chromosome Le
r~dorn. Certain prescreening of the total sot of Qata
streams to identify those data points having tluc
highest variability may be useful, although such
tecruaiques rna.y also introduce an un.,~,;anted
Lr.U.tl~lG~".-,tlOTa bias. The best fitted pattern
that sumi:res Lbis process is used to diserirnirate
between biological states and determine the desired
classification, 20 b. xhe Patte~tno F~eco~c~ilion
Process 'and Fitness Score Genex-st~ion The firn:ess
score of each of the logical chromosornes that are
generated by the genetic algorithrxl is calculated.
The calculation of the fitness scorn requires an
optimal set of data clusters be generated for the
given logical cl~.romosome. Data clusters are simply
the volu_,nes in the vector space in v~I~.ch the 19g
characteristic. -vecRors o f ~;hc tTi'i)T7;T7~ data
set. rest. The rzlethod of generating the optizraal
set of J~ to clusters is not critical to the invention
and will b~ considered below. 1-Io~wover, wateverr
method is used to generate the data chuser trap; the
znap is constrained by the follov~~ing rules: (i) each
data cluster should be located at the centroid of the
data points chat lie within the data cluster; (ii) no
two data clusters may overlap; and (iii) the dimension
of each cluster in the noxrr~alized vector space is f
i}:ed priox to the generation of the map. sAs stated
above, to employ the leazxnng alporithzn, the routine
pxactitioner must use a learning data set and select
two -parameters, the number of I O dimensions and the
data. cluster cize. Both parameters can be; set using
routine e;:perimentation. Aithougl-~ there is no.
absolute oz iz5lierent upper limit on tlae ntun.ber of
dimensions in the vector, the learning algori.tl~rr~
itself inherently limits the number of dimensions in
each impl~rnentatior.~. If the number of dimensions is
too low oz tVe size of the cluster is too large, the
leaning alaorithrra fails io generate any logical 15
cluomosomcs that correctly classify all sarrrples into
homogeneous clusters, r..nd conversely if the number
of ~liniensions can be tc~o large. Under this
circumstance, the learning algorithm generates many
lobical chrorr:osomes that have the maximum possible f
tress early in the learning process glad, accordingly,
There is only aborhive selection. Sirnilarly, when the
size of tale data clusters is too sn~al I. flue
nt,mber of ;~0 elustexs will be found to approach the
nunnber of samples in the training data set and;
again, the roLtine practitioner y 11 fmd that 4 large
number of logical cl-~romosomes will yield the
ma.Yimum fitness. Those skilled in the art understand
that a-~a.ining data set can nearly ahn~5~s be
assigned into homogeneous data clu.st.exs. 'I"has, the
value of the diagnostic 20   al ~,~ri tlzm gerserated
by a learnir;g ~J,~erith.:m must be tested by its
abilit~~ to sore a set of data other than the
traznir~g data set. When a learning algorithna
generates a diagnostic al~orithrri that successfully
assigns the training data set but only poorly assigns
the test data set, the training data is said to be
over~'ttted by the learning algorithm. ~~~erflttln~
results when the number of dimensions is too Iargc,
andlor the size ofthe data clusters is too small, The
method used to dc~ine tlae size of the data cluster is
a part of the invention. The cluster size is defined
by the ma~imuin of the equivalent the Euclidean
distance (root sum of tt~e sauares) be~~een any two
members of the data x 0 cluster.' A data cluster size
that corresponds to a requirement of 90% sinularity is
suitable foz the invention vrhen the data stream is
generated by S.LLDI-TC~F roass spectroscopy data,
lvlathcmatrcally, 90% similazity is defined b3~
roquiring that the distance bet-EVeen any tu~o me.
:abets of a cluster is less than 0.1 of the maximum
distance bet,?teen two points in a normali~_ed vector
space. For this cslctilation, the 15 vector space is
normalized so that the range of each scalar of the
vectors wi thin the training data set is between O.C
and 1.0. Tlius normalized, the maximal possible
distance betvveen:any two vectors in the vector space
is Then root r.T, v,~b~ere N is the number of
dimensions. The Euclidean diameter cf each cluster is
than 0.1 ~: root (N). The specii c normalization of
the vector space is not a critical feature of 20 the
method. The foregoing method was selected for easy of
calculation. Alternative normalization can be
accomplished by scaling each dimension not to the
rance but so that each dimension has an equal
variance. 21   



These spilled in the_ art v~.~11 f~a~her rccodrni~ a
that the data stream znay be converted into
l~garithn2ic forn~. ifthe distribution ofvalues,vithin
the data ssearn is log normal and not norcn~lly
distributed. Once the eptimaI set o.f daia clusters
for a logical chromosome has been generated. ~e
fitness score for that chroz~~osome can be calculated.
For the present invention, the fitness score of
the.chromosome roughly corresponds to the zrurnber of
vectors of the training data set that rest in clusters
that a.re homogeneous,, i. e., clusters that contain
the characteristic vectoxs from sa`-~tples havinc a
single diagnosis. More precisely, the ftness score is
calculated by assigning to each cluster 10 a
homogeneity score, which varies, for example, from G.0
for homogeneous clusters to 0.5 for clusters that
contain equal numbers of malib ant and beruen sample
vectors. The fitness score of tl~e chromosome is the
average fitness score of the data clusters. Thus, a
~.t,-~~ss score of 0.0 a the. most fit. There is a
hias towards logical ch,~ornosozncs that venerate more
data clusters, in that when two logical clroxnosarr~es
15 that have equal numbers of errors in assignii-lg
the data, tl~e chrornosornE ti~at oener ales the more
~clusterv `ih have a lower avexage ho.mogene:i~` score
~d thus a better fitness score. l: preferred
tectu-uque for generating for genera.tirag data
clusters is using the self organizing reap algoriihna
as developed by Kohonen. (K,ohonen, T, 20
SeJ~=organizing maps, Springer Verlag, Heidelberg
l997). This type of technique is variously termed a
'`Lead Cluster Map'' ("LCM'') or an "Adaptive Feature
Map'' can be irnplemented by generic software That is
publicly available. Suitable vendors and products
include 1`.Zodel 1 frenu Crroup Gne Sof~hwaze
(Crreeabelt, MD) and p~daptive Fu:~--.y Feature Map
(Arr~erican heuristics Corp.). The Ir,CM has signii
cant 22   advar~.tages i:~ that it is a) it is a
non-lirs~:;as~ n'AOdel7n~ metlaod; L~l tl~c r~ul-:-uer
o~ independent ~r;siables is virtually unlimited: and
c) compared to other non-:inear modeling tecl'~iques,
tho L.CI`~ has the advantage of being adaptive. It can
detect novel patterns in the data sti eam and track
rare patterns. This is particularly important 5 in
classification o~f biological states, vis, mutations
to viruses. E. Description and verification of
Specific Lmbodirments 1. Development of a piagnostic
for Prostatic Cancer Using the above-described
learr~ing al gorAthrn, the current invention was
employed to develop a dia~ostic for prostatic cancer
using SELDI-TOP mass 10 spectra'(NiS) of 5~ patient
sexucu samples, 30 leaving biopsy diagnosed prostatic
cancer and prostatic senur~. antigen {PSA) levels
gteate; than 4.0 no/n~l and 2~ normals having PSA
levels below 1 ng/wI. The MS data was abstracted by
selection of 7 molecular a.~eight values (2092, 2367,
282, 3080, 419, 539 and l3,220 Da). Tle sp ecific
molecular weights are not a critical parameter of the
invention and may I'`; varyinb depending on tl-le
absorptive surface. r'~ caustc7 znap that assigned
each vector in the trainer j data~sPt to w
hon~ogereous data cluster was generated. The cluster
map contained 34 clus;tezs; 17 ber~agn a~zd 17
malig~~t. The diagnostic algorithm v,~as tested using
231 samples that were ef:cluded from t~'~e training
data set. Six sets of saznples from patients v~itll
various 20 clinical and patlaologieal diagnoses v,-ere
used. The clinical and ps~~hologieal description arid
the algoritlvn results wexe as follows: I) 24 patiems
with PSA. >4 ng/rnl ~:nd biopsy proven cancer, ?2 map
to diseased data clusters, 2 xnap to no 



cluster; ?) 6 normal, all map to healthy clusters; 3)
39 with beni~ hypertrophy (~PPI~ or prostatitis and
PSA < 4 nghnl, I map to diseased data clusters, non a
to 23   healthy data ciuste,s and 32 to no data
cluster; 41 1 ~ v~,~fh BFH or prostatitis and r'SA >4
and Q10 ng/ml, 42 map to diseased data clusters, 2 to
healthy data clusters and 9S to no data cluster; S) 19
v.7th KPH or prostatitis and PST.. > 10 ng/rnI, o map
to diseased data clusters none to healthy and 10 to no
data cluster. A si>;th set of data 5 was developed by
taking pre and post-prostatectomy samples fzom
patients having biopsy proven carcinoma and PSA % 10
ng/rnl. As e;spected: each of the 7 pre surgical
samples was assigned to a diseased data set. IIowever,
none ofthe sample taken C weeks post sLrgery, at a
time ;~rher~ the PSA. levels had fallen to below I
ng/ml, weT~ riot assignable to any data set. 'These
results are suanmarized in Table I . 10 ~Jhen
evaluating the results of th.e soregoing test, it
should be reca~llcd that the rate of occult careilzoma
in patients having p~A of 4-10 ng/rr~l and beriieti
biopsy dia~oszs is about 30%. Thus, the finding that
betlueen 18/ and ~r7% of the patients v~~th elevated
I'SA, hut no tissue diagnosis of cancer, is consistent
with a highly accurate assay that correcthv predicts
the presence of carcinoma. 1$ Ofi greater pzeserit
interest is the fact that the diagnostic algorath~n is
able to class: a significant fraction of the samples
in 3), 4) and S) to a noncaztcerous, non-normal
category despite the fact that such category was not
presented during training. Indeed, the fact that any
samples horn This group would necessarily include a
substantial number with.occnlt carcinoma carriers
argues that $PI~ or 20 prostatitis samples should not
be ancluded in the traininb data. set. 24   7CabJe ~
PREDICTEC~ PHENOTYPESf UDY ScT t_JC,atJCER (.oi
PJC7R(yt.aL (~o) OTHGf?rSai8l~sv proven cancer ( PST.
-0hglm U a24 ( . ) ~ 22 920 0 (Oo-ol ~ t8i. )Control
hleniFS~< 1 ngrm 13 ~6. 0 (0~5)r (1000)pEllopsV
provenErPtlrPrc~t2tltls ( t PS397 18.ojo (O;ol32 e2 ( 



AK -0n gIm U0~r0.cfaittlS b ~ p. n~p~ F~ j O
PS.13942(30.bj2 (15v)o",~~- (ggwiL~IopsV
provenBPHlFratatitls (PS i189(47,0)0(0e)1002 bj~ 1Q
nglsr(?.Biopsy pro:~en canter PRE-SUpGLRY ~ (PSp>
~Uncy'rrtD77 (10ogJ)0 (05a)0 (0,~)c,d Biopsy proven
cancer POST-SURGERY 7<PS~".t .r 1 n~ll?~I) ~U (U ~JU
(~% ,oj7 (100?'oi ~rnalesubJectsEntered In screening
man entrance critella: :~ s0 year old,
a.^.,vmptom2ilc, ~iopsU conduced It PSA~ no:ml or a
G:IfIVe dl alt al rectal er.arn. Include 6 patients
v,~iit1 PST:-10 noiml alld 15 pa'tlenlS iNtt~ PSf,
4-1D ngfml. b.:o-3S5o occutl c~n~r expected o
Pallent-matcred d Scrum taken at sl=wc:_K
pcslsuroenitollov~up 2. J?et'elopnoent of a
bJagrn,ostic for Ovarian r^ancer Tk~~ above described
methods were employed to genez-ate a diagnostic
algorithm for ovariaxl carcinoma acain using SELDT- i
OF hIS analysis of patieni serum. A training set of
100 samples wras used to constntct a cluster set rnap.
Tne I`~S data was abstracted by selection of 6
molecular weibhts (53 l, 68l, 903, 1108 atld ? S G3
mle}. ~ cluster- map COn51Si1T1E O f Z ~ dlSeaSC
CILIStCIS alld 11 healthy clusters was constz-u.cted.
Of the 50 samples in the trainiiz; data set Having
proven ovaria<-t 10 cancer, ~0 were assi tined to
diseased data clusters, leaviztg 1 D false negative;
of the 50 25   samples zrorn normals, 44 were assigned
to healthy data clusters leaving 6 :false positives.
.Lt was observed that for each of the selected
molecular weights, the range of values of the healthy
and diseased data clusters overlapped, Indeed, for ~.
o f the 5 molecular v.~ei~hts, the range for the
diseased encompassed tlZe range for -the healthy data
clusters. addationalJy, the diagnostic patterns being
detected were not caused by tumor markers, but rather
by contextual d.iagiostic products. The diagnostic
algorithm was tested using a fi.~rther 100 samples; 



which were divided into th:ee clinical, pathological
groups. The groups and the 10 algorithm results were
as follows: 1) 50 samples lrorrz patients with no
disease, 47 15 were assigned to healthy data clusters
and 3 to disease data clusters; 2) 32 patients with
o~~azaan carcinoma Stages I:I, I):1 or 1-'V, all of
wluch were assigned to diseased data clusters; and 3)
1 ~ patients with ovarian carcinoma stage x, all of
which mapped to diseased data clusters. These results
are summarized in Table 2. T able 2
Cohoz~1t'Predict4dPredictedAccuracyCancerNegativeNo
Evidence of5034794%:DiseaseBiopsy
Proven32320l00%Ovarian CancerSta a II, 17I, Iv$iopsy
Proven181 S0100%Ovarian CancerSta a I 3. Scasitivity
for early Stage Disease A set of randorrlly chosen
sera (50 from the control cohort arid 50 sera from the
disease colaozt) within tile o~,ra~ian cancer study
set of 300 specimens was 26   szlected for SELDI-TOF
rn_ass spectrorrle~~ analysis and subsequent trailing
of. the bioir..formatics rnethod. A pattern. of mass
intensities at 5 independent. molecular weight regions
of 531, 989, ? 111, ?25l, and L465 ~a discovered from
a starting set of T 5,0005 patterxa permutations
correctly segregated 98% (49/50) of the ovarian cancer
5 s xnples and 94% of the controls (47/50) in the
training set. The optimal proteon~i.c pattern,
challenged with 100 SELDI-TOF data streams frorr~
diagnosis-blinded cases was able to accurately predict
the presence of ovarian cancer ire all 50 cancer
specimens contained w~ithi.n the 100 tsnk_n_own test
samples (50/50, 95% confidence intezval 93% t~o 100%).
This included the correct classification of I 8/18
stage 1 l 0 cancers (95% confdence intel-val 82% to
100,%) while maintaining specificity for the blinded
cancer-free samples (47/50, 95% confidence inter,ral
S4% to 99%, overall p< 10''  by chi-sduared test).
These results support the hypothesis that low mol
ocular weaeht proteomic pattezns in sera reflect
changes in t;~e pacrology of tissue within an. organ
at a distant site. Moreover, such patterns may be
sensitive indicators o:f early 15 pathological
changes) since. they correctly classii:led all 1 &
sera from organ-eor~ned state I ovarian career
specimens. 4. Spec3f~cit3~, prediction az~d
Aiscrittaination of the Frcsence of lorostate Cancer
and EeniSa lProstate H~-pertroph~.~ 20 Initially, the
cuzrent in,~~entic~n was challenged to find a pattern
of pxoteins that could discriminate the sera from men
with biopsy-proven prostate caa~e.cr from sera derived
fi-om asymptor,~ati c aged-matched males. 1 he
traininb set ,~t~as comprised of 56 sera, ~ 1 ftorn
asy~taptornatic men ivitrl biopsy-proven prostate
cancer (FSA %Q r~g/nal, avg) 14.$ nglnl), and 25
age-matched men with no evidence of 25 prostate cancer
(IJSA <1 ng/ml, avg, 0,3 nglnal). The 56 s~;ra were
analyzed by 27   SELZ'J1-TCF. The pai'terrt discovery
analysis found a sigraaturc. patters! of tlli combined
norrr~alized intensities of 7 proteinpeal;s (out of
I5;000 possib)e permutations) at the specific
molecular v,~eights of 2092, 2367, 2552, 3050, a819.
5439, and 18220 Da that could distinguish a11 S6
samples analyzed in tJle prostate sera training set.
lifter training,. the optimal.proteomic patters ~R~as
tested with ?27 blinded sera samples. The blinded
study set contained a) 24 sera from asyrnptomatic mez~
~nrho had subseauent biopsy-proven cancer, and whose f
5A values were between 4-7, 0 n~znl at the time of
collection, b) control sera Troxr!. 6 age-matched
!ales (PSA 10 <I z~glml) and c) l97 sera from rnen
v,~zth biopsy-proven benign prostatic h~~pertrophy or
prostz.titis (PSA values ranged from 0.4 ng/rnI to 35.
rzg/ml). Using the prostate signature pattern, the
data-mininc tool was able t o accurately predict the
presence of prostate cancer in the blinded test set
()?%, 22I24, 



p<0.00000.1 compared to patients with BPI-I),
including 1?/1 S containinc PSA values 1~ of 4-10
ng/zxal. Importantly 70% oa the patierlis (137J1 >7)
v:ith biopsy pzovc;n BPY ~~%ere classified as
l7elonQing to a unique (non-normal, non-cancerl
phenotype. Only 1% of she sera ~rozn the EPH-positive
cc,hoz~t was categorized as a x!ormal phenoi5pe. Vvhen
sera frorn 6 hea.ithy controls were compazed to those
of flue 24 patients with biopsy proven cancer, 6l6
heaIthy.patienfs were classified correctly, compared
to 20 22l24 patiez!ts ~ith prostate cancer (p<0.000001
)_ In addition., a statistically sienificax!t trend
emerged in the relationship betv,=ee:l increasing PST.
levels (normal, BPIF ~x~ith increasing PSA) a.nd
increasing classification of ser~eiity of disease (p;l
.4 10'i). Tlae optimised prostate siyatures reversed
flex;! a, cancerous to a noncancerous (but not normal)
phenotype in a blinded set oz rrlatched sera .from
patier!ts 28   who underwent curative prostate.
resection, ir: % of 7 subjects (1; =0.016; 9S`io
confidence interval 59/a to 10Ul)_ 5. Sample Source
PrcParation axed Analysis a_ avar-iar~ Cancer The
anonyn~,ized o>>ariazt screening serum study set was
obtained from the Early Detection Research Neizvork
("EDPN"~ l~tational Ovarian Cancer Ear)y Detection
Program according to full Institutional Review Board
(``IRE") oversight. This set contained sera from 200
asymptomatic,vomen, 100 with ovarian, cancer at the
time of sample collection and 100 control ~WOanen at
risk for ovarian cancez as J 0 de~.ned~by family
history ar precious breast cancer diab osis (Table 3).
This group of unaffected vromen bad been followed and
was disease-free for at least zve years. .~,~.1 sera
were obtained prior to diagnosis and interventio~.r.
The disease cohort included histolo2y confirmed
papillary serous; endometrioid, c.laa~r cell,
nracinaus., adenocarcinom:, awd mixed ovariar_ cancers
of all stages. ,A11 rwoznen in tire disease 1 ~ cohori
underwent e~:tensive surgical exploration and formal
FIG4 staging. Table 3 PANEL SET
.'Fot3~TraininglUnktrownDL~.GMTGSISlPstzents[
SubsetTest SetQvarian Cancer1 UU5050No Evidence of
disease: 5 year folioScreening Clinica1005050Path Dx:
Gvarian CancerProstate Cancer31256No evidence of
disease: PSA<1.0Scxeenin~ Clinic~n im.L5 j~ 1?4p ~,
D~;: prostate Cancer: I'SA>4.0_ng!mL1~0147Path
Diagnosis: BPH / ProstatitisI07);io sv roven cancer
PRE-SCJFGE~07 _Eiopsy t~roven cancer Post-St TRC;FR b.
Prastatic Cabcer 29   The anonymized prostate
screening serum study set was obtained from a prostate
cancer-screening clinic where samples were obtained
under approved informed consent (?77 samples) (Table
3). A.n additional 20 2nonytxiized specimens were
collected at tf~e National Cancer Institute under IIZE
approved informed consent. The Chiiedn trial was
initiated m,1996 and lasted for 5 years. The subject
eligibility criteria required asymiptomatic men over
the age of ~0 with no previous history of prostate
cancer. Afl men provided a serum sample and then
received a medical evaluation and a digital rectal
examination. Subsequently, men with a serum PSA >4.0
ng/ml, or. suspicious digital rectal examinations were
subjected tn a single core 



I 0 needle biopsy for pathologic diagnosis. Tlzc
prostate adcnocar cinomas represented v~%~:re of a
.fttl.l spectrum of grades (1-III and Gleason scores
(4-9) . The 20 sera acquired at the NCI were taken
from a) 7 n~en at the tune of diagnosis and six
u~eel<s after prostatecioznies .for bicpsy..proven
organ eon~.ned prostate cancer and b) G normal healthy
male volunteers, PSA < 1.0 ng/ml. All sera were
obtained prior to l 5 medicaI examination, diagnosis;
and treatment. All sera were collected. spun doom,
alinuoted a.nd stored in liquid nitrogen until use.
received sera wire thawed once, separated into 1
A~:mcroliter aiiauots, and then refrozen in liquid
nitrogen until SE.LDI-TOF analysis was performed. 5.
Prvteoxnic.3nalysis 20 Sera were thawed and used once
to generate protein mass signatures on, the Protein
Biology System 1 SELDI-TC~F mass spectrometer
(Ciphergen BioSystems, Freemont, CA). External mass
calibzaiion was accomplished using angiotensin I
(amino acid sequence 1-I 0) and bovine c~%tochrome c
(Ciphergen Eiosystems, Freemont, CA) wi~h respective
masses of 129G.5Da and 12230.9ba. Protein profiles 30
of all proteins that can bind i.o the C i $
reverse-phase 'hydrophobic interaction surface within
'the 1000-20,000 Da ma ss range ~Nerc generated. The
organic acid matrix surface was
a-c~~a~~o-4-hydroxy-cinnamic acid (CHCA). This matrix
is. required to cocrystallize with the protein mixture
for full. protein ionization off of the selected bait_
Sample preparation: One microliter of acetonitrile
(Sigma-Aldrich Co., St. Louis, MO) was added to the
sample spots of the 8-fi;at~rc Cl S hydrophobic
interaction protein chip (Ciphexgen Biosystems, Ine.,
Freemont, CA). This chip will bind proteins through
hydrophobic interactions that are; dependent upon the
intrinsic primary ammo acid sequences specific for a
very protein. The acctonitril a application 1 Cl vras
followed by the addition. of 1 dal of serum. 'The
sampl a was allowed to air dry on the c'nip. The
clZips were vigorously washed by vortexin~ in
deionized water for 4 minutes and allowed to aiz dry.
Lastly, 0.~~.1 of CI:ICA solution was added. A~Fter
the matrix: solution dried; an additional O.~p.l of
natz-i:: was applied to ~acn sample and allowed to air
dzy. Tl~e C1 S chip Leas chosen because it was found
to consistently and 15 reproducibly produce tile
neatest number of different protein and peptide
signatures (data not sho>>.~n). SELDI-TOF; like other
tune-of flight spectrometric techniques, has its best
sensitivity at the Jew molecular weight range (<
:0,p00 ba). Data were recorded and optinuzed for
analysis vdth the SELDI Frotein Biologl System version
2.0 software (Ciphergen Biosystezizs; Xnc., Palo
.l'-~.lto, CA). Rav.~ SET.DI data, not 20 filtered or
scaled in any way, were converted to ASCII data files
.for analysis by the data-mining tool. 6. Detection of
Drug Toxicity TJzP method of the invention was Tested
on data streams obtained from biological samples from
rats treated ujith donorubicin float developed proven
31   cardiotoa;icity. Controls we=a treated with
saline. The biological samples obtained from rats
showing cardiotoxicity were classii cd correctly Wtla
10p% selectivity and 100% sensltivit~~ a.nd no Ialse
positives. Sec Table 4 ~'ablc 4. Count -
ActualActual___ -Score0 1Total )22esult009 1 ? 



i 8Totall';csult ~30 aG~jLaVl~y IUU.UU% Selectivity
0.00% 7. Detectio~t of Dn-uo Treatment Rats were
treated Wth. doxorubicin and a cardioprotect~t. Thus,
some animals had to,:icit~~ while others did not.
Table S shows that using the method of the invention
all bu t one o:~ the treat:,d arLimals could be
correctly identified, whi le only misclassiiying 2
control animals. See Table 5. 10 Tabl a 5. Com.t -
ActualActualScoreCf1Total F,cs0IS '15o.1t o~a. z0.56
I-__'total lfwesult2,~~g~5(u7 Score =
0.56Sensitivity94.44%Sel.ectivit~~10.53% ~ 8.
Detection of Virus Simian Foamy '~~irus was detected
in cell lysates. Lysates from infected cells were
correctly classified 80% of the time (0/1 U j with ro
;false positives. l5 See Table 6. 32   'l able 6.
Count - ActualActualScore01Totai
Result0~90.5320.86612ZTotal Fesuit121022na Score
=0.8Seo,sitivit,~80.00%SeleCtlV10,0O% 9. 'Use of a
Windowia~g Technique for Ovaz~iah Cancer Initial
reduction io practice vas based o.n a simple trial and
error S selection of groups of 100 conti~ous features
in the proteoxuic data stream. An adapti ve pattern
zecognition algorithm, the Lead Cluster h4ap, (LCNJ~
vv~s employed. Sampling of the data stream started at
a different point in tlae data stre-~-n for cacti nzn.
~. run consisted of collection of 14-15 collections of
100 features_ After a series of 2~ ruts, the best
models accurately predicted the correct biological
state 80% vvx~tfz a false 7 0 positive rate. of
appro,~il-z?atel5~ 30 %. These results derz~onstrate
the effectiveness of usir~g proteomic patterns s~ the
classification of biological states. Inde~3, models
wJitk, 



this level of accuracy v,~ould be swell suited for
batch screening of potentially therapeutic
cozrzpounds. See Table 7. 33   '~'sble 7 Count -
Actual _.Aci-ual _Scow01~.ota1 ye5ull0 -_1 S _
_,3210.251.01_ 110.2~ __ _S6 ~110-3;S5 ~x
00.566120.672111341822~'otll Result50SO~,OpSensitivi
~a7 0.3380%S ecinci (a7 0.3329.82% 10. Detection
ofBreasi ~Cax~cer l~Iipple aspirants taken ~rorrz
breast cancer patients vrere analyzed using the
process ofthe inrJertion. The nipple aspirants ~,,~ere
subjected to a rn,ass spectzal analysis and subjected
to a pattern ending method. A scnsiiir~it~~ of nearly
92% zvas observed. See Table S. Ta hle 8. COUIIt ~
I~Cti7!''nlACTt121Score ~0 1Total Result07
29~0.530.6755166Total Result1(~ 1323 Sensitit-ity @
0.6 7 91.67% Selectivity @ 0.67 0.G0% 34   Claims 1. A
method of determining whether a biological sample
taken from a subject indicates that the subj ect bas a
disease by analyzing a data stream that is obtained by
performing an analysis of the biological sample,
comprising: abstracting the data stream to produce a
sample vector that characterizes the data stream in a
predetermined vector space containing, a diagnostic
cluster, the diagnostic cluster being a disease
cluster, the disease cluster corresponding to the
presence of the disease; 



determining whether the sample vector rests within the
disease cluster; and if the sample vector rests within
the diseased cluster, identifying the biological
sample as indicating that the subject has the disease.
2. The method of claim 1, wherein the data scream is
data describing m expression of molecules in the
biological sample. 3) The method of claim 2, wherein
the molecules are proteins. 4. The method of claim 2,
wherein the molecules are selected from the group
consisting of proteins, peptides, phospholipids, DNA,
and RNr'~. 5. The method of claim 2, wherein the
biological sample is serum. 6. The method of claim 2,
wherein the biological sample is selected froizl the
group consisting of serum, blood, saliva, plasma,
nipple aspirants, synovial fluids, cerebrospinal
fluids, sweat, urine, fecal matter tears, bronchial
lavage, swabbings, needle aspirants, semen, vaginal
fluids, and pre-ejaculate. 7. The method of claim 2,
wherein the biological sample is selected from the
group consisting of tissue culture supernatants,
lyophilized tissue cultures, and viral cultures. 35
S. The method of claim 1, wherein tile disease is one
in which the patterns of expression of inherent
molecules in the diseased state are different frow
those in the non-diseased state. . The method of claim
1, wherein the disease is a cancer. 10. The method of
claim 9, wherein the cancer is breast cancer. 11. 'fhe
method of claim 9, wherein the cancer is a carcinoma.
12. The method of claim 9, wherein the cancer is
selected from the group consisting of cascino~mas,
melatiornas, lyznphomas, sarcorxias, blastomas,
leukemias, .myelomas, and neural t~unors. 13. The
method of claim 9, wherein the cancer is a carcinoma,
said carcinoma being a prostatic carcinoma. 14. The
method o~f claim 9, wherein the cancer is a carcinoma,
said carcinoma being an ovarzan carcinoma. 15. The
method of claim 1, wherein the disease is selected
from the group consisting of autoimmune diseases,
Alzheimer's disease and arthritis. 16. The method of
claim 1, wherein the disease is glomerulonephritis.
17. The method of claim 1, wherein the disease is auy
i_ifectious disease. 18. The method of claim 1,
wherein the data stream is formed by any high
throughput data generation method. 19. The method of
claim 1, wherein the data streaan is based on data
associated with a time of flight mass spectrwn. 36
20. The method of claim 19, wherein the time of flight
mass spectrum is generated by surface-enhanced laser
description time-of flight mass spectroscopy. 



2I . The method of claim 19, wherein the tiz~~e of
flight mass spectrum is generated by matrix assisted
laser desorption ionization time of flight. 22. The
method of claim 1, wherein the data stream is based on
data associated with a spectrum. 23. The method of
claim 1, wherein the data stream is based on data
associated with a mass spectrum. 24. The method of`
claim 1, the diagnostic cluster is a first diagnostic
cluster, the vector space contains a second diagnostic
cluster, the second diagnostic cluster is a healthy
cluster, the healthy cluster corresponding to an
absence of the disease, further comprising:
determining whether the sample vector rests within the
healthy cluster; and if the sample vector rests within
the healthy cluster, identifyinb the biological sample
as indicating that the subject does not have the
disease. 25. A method of determining.whether a
biological sample taken from a subject indicates that
the subject does riot have a disease by analyzing a
data stream that is obtained by performing an analysis
of the biological sample, comprising: abstracting the
data stream to produce a sample vector that
characterizes the data stream in a predetermined
vector space containing a diagnostic cluster, the
diagnostic cluster being a healthy cluster, the
healthy cluster corresponding to the absence of the
disease; determining whether the sample vector rests
within the healthy cluster; and if the sampl a vector
rests within the healthy cluster, identifying the
biological sample as indicating that the subject does
not have the disease. 37   26. The method of cl aim
25, wherein the data stream is data describing an
expression of molecules in the biological sample. 27.
The method of claim 26, wherein the molecules are
proteins. 28. The method of claim 26, wherein the
molecules are selected from the group consisting of
proteins, peptides, phospholipids, f~NA, and RNA. 29.
The method of claim 26, wherein the biological sarnple
is serum. 30. The method of claim 26, wherein the
biological sample is selected from the group
consisting of serum, blood, saliva, plasma, nipple
aspirants, syn.ovial filuads, cerebro spinal fluids,
sweat, urine, fecal matter, tears, br onehial lavage,
swabbings, needle aspirants, semen, vaginal fluids,
and pre-ejaculate. 31. The method of claim 26, wherein
the biological sample is selected from the group
consisting of tissue culture supernatants, lyophilized
tissue cultures, and vixal cultures. 32. The method of
claim 25,.wherein the disease is one in which the
patterns of expression of inherent molecules in the
diseased state are different from those ia~ the
non-diseased state. 33. The method of claim 26;
wherein tl~e disease is a cancer. 34. The method of
claim 33, wherein the cancer is breast cancer. 



35. The method of.claim 33, wherein the cancer is a
carcinoma. 36. The method of claim 33, wherein the
cancer is selected from the group consisting of
carcinomas, melanomas, lymphomas, sarcomas, blastomas,
1 eukemias, myelomas, and neural tumors. 38   37, The
method of claim 33, wherein the cancer is a carcinoma,
said carcinoma being a' prostatic carcinoma. 38. The
method of claim 33, wherein the cancer is a carcinoma,
said carcinoma being an ovarian carcinoma. 39. The
method of claim 25, wherein the disease is selected
~Crom the group consisting of auto-immune diseases.
Alzheimer's disease and arthritis. 40. The method of
claim 25, wherein the disease is glomerulonephritis.
41: The method of claim ?5, wherein the disease is any
infectious disease. 42. Tlae method of claim 25,
wherein the data stream is formed by any high
throubhput data generation method. 43. The method of
claim 25, wherein the data stream is based on data
associated with a time of flight mass spectrum. 44.
The method of claim 43, wherein the time of flight
mass spectrum is generated by surface-enhanced laser
desozption time-of flight mass spectroscopy. 45. The
method of claim 43, wherein the time of flight mass
spectrum is generated by matrix assisted laser
desorption ionization time of flight. 46. The method
of claim 25, wherein the data strewn is based on data
associated with a spect~nzm. 47. The method of claim
25, Wherein. the data stream is based on data
associated with a mass spectz-um. 39   55. The method
of claim 54, wherein the tune of flight mass spectrum
is generated by stu-iaee-enhanced laser desorption
time-of flight mass spectroscopy. ~6. "fhe method of
claim 54, wherein the dme of alight mass spectrum is
generated by matrix assisted laser desorption
ionisation time of bight. 57. The method of claim 49,
wherein the data stream is based on data associated
with a sp ectru.m. 5&. The method of claim 49, wherein
the data stream is based on data associated with a
mass sp ecttuiu. 59. The method of claim 49, the
vector space contains a healthy cluster, tlxe healthy
cluster corresponding to an absence of the disease,
further comprising: determining whether the sarzaple
vector rests within the healthy cluster; and
predicting that the subject does not have the disease
if the sample vector rusts within the healthy cluster.
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