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(57) ABSTRACT 

An analytic apparatus and method is provided for diagnosis, 
prognosis and biomarker discovery using transcriptome data 
such as mRNA expression levels from microarrays, pro 
teomic data, and metabolomic data. The invention provides 
for model-based analysis, especially using kernel-based 
models, and more particularly similarity-based models. 
Model-derived residuals advantageously provide a unique 
neW tool for insights into disease mechanisms. Localization 
of models provides for improved model efficacy. The inven 
tion is capable of extracting useful information heretofore 
unavailable by other methods, relating to dynamics in cel 
lular gene regulation, regulatory networks, biological path 
Ways and metabolism. 
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ANALYSIS OF TRANSCRIPTOMIC DATA USING 
SIMILARITY BASED MODELING 

CROSS REFERENCE TO RELATED 
APPLICATIONS 

[0001] This application claims the bene?t of priority under 
35 U.S.C. § 119(e) to US. Provisional application Ser. No. 
60/670,950 ?led Apr. 13, 2005. 

FIELD OF THE INVENTION 

[0002] The invention relates to biomarker discovery and 
disease diagnosis and prognosis, especially based on tran 
scriptomic data such as gene expression levels and proteom 
ics. 

BACKGROUND OF THE INVENTION 

[0003] Recent advances in the biological sciences have 
made it possible to measure thousands of gene expression 
levels in cells using microarrays, and to quantify the cellular 
content of thousands of types of proteins using e.g., mass 
spectrometry, in single experiments With one sample of 
tissue or serum. Gene expression molecules, i.e., messenger 
RNA, and the proteins encoded by the mRNA comprise the 
“transcriptome” of the cell, the components of the cell that 
are the direct products of the transcription (the genome) and 
translation (the proteome) of DNA. Analysis of the tran 
scriptome offers the potential to identify “bad actors” in the 
genetic expression process that are responsible for disease, 
and may offer both a signature for disease diagnosis, as Well 
as targets for disease amelioration, Whether through drugs or 
other means. By measuring thousands of components at 
once, the pace of biomarker discovery can be greatly accel 
erated, and the interactions betWeen multiple components 
can be analyZed for complex disease mechanisms. 

[0004] Genomic expression data representing semi-quan 
titatively the amount of mRNA present in a cell by on a 
gene-by-gene basis, may reveal markers for disease as Well 
as patterns of expression that effectively di?ferentiate or 
classify disease states and progression. Similarly, quanti? 
cation of the count of proteins in the cell by protein molecule 
type, provides further insight into the overall regulation of 
the cell from DNA to protein product, and provides key 
insight into “post-transcriptional modi?cations” Whereby 
protein structures are modi?ed after translation from RNA. 
Pattern matching unknoWn patient samples against knoWn 
microarray expression level patterns of disease state, may 
provide diagnosis or prognosis. Disease differentiation is 
key to applying the appropriate treatment. Cancers may 
manifest as seemingly similar phenotypes in identical tissue, 
yet have very different prognoses and treatment outcomes, 
because the biological pathWay of disease is in fact different 
at the genetic level. It is essential to be able to identify What 
form of disease a patient has. Another useful application 
utiliZing this kind of data is classifying patients as to Whether 
they are candidates or not for the use of a drug Which may, 
in a small subpopulation, have adverse effects related to the 
genetic makeup of the individual. 

[0005] This neW Wellspring of genomic and proteomic 
data presents many challenges to discovery of the important 
information buried therein. One of the challenges of this data 
is the high dimensionality and the relative scarcity of patient 
observations. Often, thousands of gene expression levels are 
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measured by a single microarray applied to patient tissue or 
a cell culture, but the total count of patients may be less than 
20. Each such patient represents an observation of a vector 
comprising these thousands of expression levels. Another 
challenge is that the data can be extremely noisy, confound 
ing complex analysis approaches that are sensitive to bad 
input. Yet another challenge is that the neW measurement 
technologies are very sensitive to methodology, resulting in 
vastly different results When prepared by different research 
ers. Microarrays themselves have yet to be standardiZed, and 
microarrays from different manufacturers often have differ 
ent oligonucleotide probes for the same gene, introducing 
variability due to oligo length or a?inity. Yet another chal 
lenge is that the data often represents a mere snapshot of 
transcriptomic content, Which is in a constant state of ?ux, 
as cellular genetic expression changes to adjust to the cell’s 
needs and environment. 

[0006] A number of methods are knoWn for analysis of 
genomic and proteomic data. According to one knoWn 
method, genetic expression levels for genes are compared 
across samples of normal tissue and diseased tissue, and 
Where differential expression is su?iciently large, the gene is 
identi?ed as a possible biomarker of the disease. This 
method is intended to identify gross ampli?cation of a gene, 
or the complete silencing of a gene. According to knoWn 
clustering methods, pair-Wise correlations of the expression 
levels of pairs of genes are calculated, and genes are 
arranged in clusters according to a ranking of their pair-Wise 
correlation across a number of samples. According to an 
approach that uses Support Vector Machines (SVMs), an 
optimal separation boundary With maximum margin (or 
maximum soft margin) is generated (possibly in higher 
dimensional space) for multivariate expression levels from 
tWo classes (normal and diseased), thus providing a classi 
?er for future patterns. 

[0007] HoWever, these methods have their shortcomings. 
Gross differential expression analysis assumes static expres 
sion levels, and is easily confounded by expression dynam 
ics. Furthermore, many diseases may be the result of more 
subtle deviations in expression than is typically tolerated by 
differential expression studies. Clustering only takes advan 
tage of correlative information betWeen pairs of genes, and 
thus misses more complex interactions and multi-gene 
dynamics. SVMs can be very computationally intensive, and 
produce optimal solutions that may over?t the typically 
small sample siZe, and as a consequence do not generaliZe 
Well. 

[0008] What are needed are improved analytic methods 
capable of tapping into the dynamic information in multi 
variate transcriptomic data, to reveal more subtle signatures 
for classi?cation and data mining of biomarkers. Further, 
What are needed are faster methods that can be used inter 
actively by discovery personnel, to provide leverage to 
extensive expertise in the exploration and discovery process. 
Further, methods are needed that are robust to the noisy 
nature of the transcriptome data, so that information can be 
derived from data from today’ s level of accuracy in microar 
ray and mass spec measurement technologies. 

SUMMARY OF THE INVENTION 

[0009] The present invention provides a unique and 
advantageous model-based approach to analysis of genomic, 
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proteomic, and general transcriptomic data, for diagnostics, 
prognostics and biomarker discovery. Accordingly, each 
patient sample is treated as an input vector, and gene 
expression levels are treated as variables. A set of patient 
data for known disease states is used to train a model, ideally 
a similarity-based model; thereafter, the model can be used 
to classify disease state, di?‘erentiate cancer types, determine 
candidacy for use of a drug or therapy, etc.; or can be used 
to model data from another class of tissue or serum sample, 
to provide insight into which components deviate and are 
thus potential markers for the disease mechanism. 

[0010] Unlike conventional methods, which generally rely 
on statistical approaches and can only detect gross changes 
on the assumption of relatively static genetic expression, the 
present invention is capable of detecting both static expres 
sion level changes as well as deviations in dynamic behav 
ior. Living cells are mostly dynamic systems, expressing and 
then turning olf genes in complex regulation networks and 
biological pathways involving tens or hundreds of factors, in 
response to the metabolic needs of the cell. Disease most 
often occurs when these delicately balanced networks are 
upset and mis-regulated. Such an event can occur, for 
example, when a mutation occurs in a gene that produces a 
protein for regulating other, downstream genes. Since the 
gene productithe regulating proteinimay no longer func 
tion, downstream regulation is impacted, with cascading 
elfects. The present invention is capable of detecting these 
upset dynamics. 

[0011] The invention takes the form of software for analy 
sis of data. The software can run on any conventional 
platform, and can even be deployed in a remote, served 
environment, such as over the internet, because the needed 
data ?les can be sent to the processor for processing, and the 
results returned at a later time. However, a particular advan 
tage of the present invention is that it has a small computing 
footprint and processes data quickly, making it ideal for an 
interactive tool, or for embedding in a distributed product for 
diagnostics (e.g., a CDROM deployed with a diagnostic 
microarray). 

[0012] In a ?rst embodiment of the invention, a model is 
trained with multivariate transcriptome pro?les representa 
tive of normal health, and the model is then used to detect 
deviations in transcriptome patterns and dynamics represen 
tative of a diseased state, which deviations point to under 
lying disease mechanisms. An autoassociative model of 
gene expression data for normal tissue is trained from 
normal tissue data. A new input vector representing expres 
sion level data from diseased tissue is modeled with this 
model to provide an autoassociative estimate of the expres 
sion levels, which is then di?‘erenced with the actual mea 
surements to provide residuals. A residual threshold test 
detects gene expression levels that are abnormal, identifying 
these genes as potential markers. Furthermore, the residual 
pattern can be pattern matched against stored patterns for 
known disease types to classify the input vector vis-a-vis 
disease. 

[0013] In a second embodiment of the invention, a diag 
nostic classi?cation is made for a dynamic multivariate 
genomic or proteomic pro?le. An inferential model is 
trained to recogniZe normal and diseased state transcriptome 
pro?les, and new samples are analyZed and classi?ed 
accordingly. 
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[0014] The classi?cation capability of the invention can 
advantageously be extended to prognostics, or assessing the 
progression of a disease. Thus, in a third embodiment of the 
analytic method, especially useful for multi-class classi? 
cation though also useful for binary classi?cation, an autoas 
sociative model is built for each class represented, contain 
ing only samples/observations from that class (and none that 
are not from that class). A new input observation to be 
classi?ed is modeled by all models in the system, and an 
autoassociative estimate is produced from each. Each esti 
mate is then pattern matched to the input vector to provide 
a “global similarity” score: The estimate vector is compared 
to the input vector using the similarity operator, and the 
vector similarity score represents the global similarity. The 
model that generates the estimate with the highest global 
similarity score represents the class of the input vector. 

[0015] An important aspect of the present invention is the 
use of a kernel-based model, and more particularly a simi 
larity-based model. Such models are capable of learning 
complex dynamic relationships from data, with a small and 
fast computing footprint, and are robust to noise in the input. 
Even more particularly, the model can be a localiZed model, 
which is reconstituted with each new input sample, thus 
?ltering out less relevant learned pro?les. 

DESCRIPTION OF THE DRAWINGS 

[0016] FIG. 1 is a ?owchart of an aspect of the present 
invention for exploring genomic, proteomic or metabolomic 
data. 

[0017] FIG. 2 is a set of charts for four simulated omic 
components, with original values in blue, and model-based 
estimates of same in green. 

[0018] FIG. 3 is a ?owchart of an iterative process accord 
ing to the invention for mining omic data for biomarkers. 

[0019] FIG. 4 is a ?owchart of a method according to the 
invention for generating localiZed models based on the 
input. 
[0020] FIG. 5 is a bar chart of normalized cumulative 
residuals for simulated omic components, as produced by 
model-based analysis according to the invention. 

[0021] FIG. 6 is a ?owchart of an inferential method 
according to the invention for diagnosis or prognosis of a 
disease condition based on omic pro?les. 

[0022] FIG. 7 is a chart showing inferential classi?cation 
results (green) for prostate cancer genomic expression level 
data, using a method according to the invention. 

[0023] FIG. 8 is a ?owchart of a multi-class method 
according to the invention for diagnosis or prognosis of a 
disease condition based on omic pro?les. 

[0024] FIG. 9 is a ?owchart of a method according to the 
invention for diagnosing disease from residuals generated 
from model-based estimates of omic constituents. 

[0025] FIG. 10 is a set of stem charts showing results at 
each step of a method according to the invention for analysis 
of omic constituents between healthy and diseased classes of 
samples. 

[0026] FIG. 11 is a signal-to-noise bar chart resulting 
from the analysis in FIG. 10. 
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DETAILED DESCRIPTION OF THE 
INVENTION 

[0027] The present invention can be used to analyze data 
from the transcriptome, e.g., genomic expression data or 
proteomic data, to provide diagnostic and prognostic infor 
mation, or to provide biomarker discovery information, 
among other things. Genetic expression level data can be 
obtained using a number of methods knoWn in the art, 
including microarrays, and generally can comprise raW 
expression level information or processed comparative 
expression level data, e.g., from tWo-color experiments. In 
brief, a microarray comprises a plurality of probes ?xed at 
isolated locations on a substrate. Each probe is speci?c to a 
nucleotide sequence, usually knoWn to correspond to at least 
a part of a knoWn gene. Each probe location has a different 
probe on it, and the probe location itself may comprise 
thousands to hundreds of millions of identical oligonucle 
otides anchored to the substrate. When DNA from a sample 
(e.g., processed biopsy tissue or blood serum) is exposed to 
the microarray, sample DNA molecules having complemen 
tary genetic sequences to the oligonucleotides Will speci? 
cally attach, or hybridize, With the matching probe. Labeling 
of the sample DNA alloWs for ?uorescent imaging of the 
Washed microarray, and reveals the amount of sample DNA 
that hybridized With probes at each location. This image 
information can be converted to expression level values. 
Assuming the amount of DNA obtained in the processing of 
the sample tissue or serum corresponds to the actual amount 
in the cells of that sample, and assuming that hybridization 
occurs With statistically equal likelihood for all oligonucle 
otide probes, the microarray data should provide a reason 
able estimate of the expression levels for each gene in the 
cells of the sample, that are targeted in the microarray. A 
microarray can have any number of genes represented on it, 
Which may or may not be comprehensive of the genes active 
in the cells of the sample. 

[0028] Alternatively, quanti?cation of protein content of 
cells or extracellular ?uids from tissue and serum samples 
can be obtained from knoWn methods such as mass spec 
trometry. In mass spec, the sample’s protein contents are 
separated through any of a number of possible methods, 
introduced into the mass spec, and a mass-to-charge pattern 
is obtained Which can be identi?ed as speci?c proteins. The 
strength of the signature can be equated to protein levels in 
the sample. 

[0029] Other cellular or extracellular content levels are 
also subject to measurement techniques knoWn in the art, 
such as measurement of “metabolomic” components such as 
sugars, ions, and the like, and all such data can be used in 
the present invention, either separately or in combination. 
For example, a disease mechanism may be revealed by 
utilizing data from both protein content and gene expression 
levels in combination in the present invention. As another 
example, a disease diagnostic signature may best be differ 
entiated utilizing metabolomic and proteomic data in the 
present invention. For purposes of the description of the 
present invention, “expression level” Will be used, but 
should be taken to mean quanti?ed data regarding cellular or 
serum components of any kind, not just genomic expression, 
unless otherWise speci?cally indicated. 

[0030] The present invention advantageously utilizes 
empirical modeling to provide information from genomic, 
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proteomic, and metabolomic data. An empirical model is 
“trained” using data gathered at a model development stage, 
and then the model is used to process a neW sample to 
provide a diagnosis or prognosis, or alternatively, the model 
is used to process a different class or classes of samples to 
reveal mechanisms responsible for the differences betWeen 
the class samples, e.g., normal from disease, or cancer of one 
molecular mechanism from cancer of a second molecular 
mechanism. The present invention uniquely provides a 
model that itself need not be derived from scienti?c infor 
mation of biological pathWays or mechanisms, but rather is 
purely data driven. Furthermore, the use of a model provides 
insights not afforded With conventional statistical techniques 
that may not be able to make use of dynamic data effectively. 

[0031] Turning to FIG. 1, a ?owchart is shoWn of an 
aspect of the present invention for use in exploring genomic 
expression data and the like, to identify deviations in gene 
expression levels and protein levels. Such information is 
potentially extremely useful for revealing disease mecha 
nisms and possible intervention targets. Not only can the 
invention detect changes in gross expression and product 
levels (e.g., ampli?cation), but also deviations in normal 
dynamics of expression, even When those deviations do not 
represent gross changes in expression level, but are Within 
the normal range of expression. Accordingly, an empirical 
model is ?rst trained in step 100, using data from a plurality 
of samples of normal expression, or expression in a ?rst 
class of samples such as a ?rst type of a cancer. Model 
training is discussed in detail beloW. 

[0032] In step 105, expression level data from samples of 
the same class or a second class, e.g., diseased or cancer type 
2, is provided. This data should correspond to the same 
components measured and modeled in step 100. Each 
sample represents equivalently a vector of readings of 
expression level, one vector element per component mea 
sured; furthermore, each sample typically Will be taken from 
a unique tissue section or patient, although time series 
samples from a single patient are also contemplated here 
under. 

[0033] In optional step 108, the input sample data can be 
culled doWn to a subset of data based on ?ltering or feature 
selection. For example, though expression level data for 
10,000 genes may be provided in step 105, this may be 
reduced to 100 or 500 or 1000 select feature genes in step 
108. A number of techniques are knoWn in the art for 
selecting genes as “features” of a larger set of data, including 
selecting genes based on their signal to noise ratio. In the 
signal-to-noise ratio test, the expression level readings for a 
gene for one class of samples (e.g., normal) provides a mean 
expression level and a standard deviation in expression 
level. The same mean and standard deviation are calculated 
for data for that gene from samples from a second class of 
data. The gene’s signal-to-noise (S2N) ratio is equal to the 
difference of the means divided by the sum of the standard 
deviations: 

Where p. represents the mean expression value for gene #L 
across patient samples from class 1 and class 2, respectively, 
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and a represents the standard deviation in expression values 
for the gene across patient samples from class 1 and class 2 
respectively. Class 1 may represent expression levels mea 
sured in normal tissue, While class 2 represents expression 
levels from diseased tissue. The signal-to-noise scores SL 
can be ranked. Typically, the informative genes are those 
With the highest absolute value. S2N indicates hoW much a 
gene expression level changes, on average, betWeen the 
classes of sample, as conditioned by their respective noise 
levels. 

[0034] In optional step 112, the input sample data may be 
normalized. Normalization of genetic expression or protein 
content data typically means normalizing across all genes or 
proteins for a given sample. This may be necessitated by the 
fact that each microarray experiment or spectrometer often 
has its oWn baseline of level measurement, Which is not 
easily compared from microarray to microarray or spectrom 
eter run to spectrometer run. It is desirable then to normalize 
each gene expression level vis-a-vis the expression levels of 
the other genes from that same sample. One method for 
normalizing is to calculate the mean expression level and 
standard deviation across all the genes (or constituents) of a 
sample; then scale the expression levels With the mean set to 
zero, and the standard deviation set to some constant, e.g., 
one. Whatever normalization method is used on the training 
data from Which the model Was created in step 100 should 
be applied to the data in this step 112. 

[0035] In step 116, the model is used to generate autoas 
sociative estimates of the expression level data in response 
to inputting the input sample. In autoassociative estimation, 
each input variable is also an output. The input in this case 
is the vector of all expression levels for a sample; the output 
is an estimate of What the model says the value should be, 
based on the input, and may differ from the input values. 
Accordingly, a Wide variety of modeling techniques can be 
used, and are discussed beloW in detail. For each sample 
vector input, there should be a sample estimate. 

[0036] In the alternative, an inferential model may also be 
used for this step 116, Whereby additional estimates are 
generated in the model that are not present as inputs. For 
example, the input vector of constituent expression levels or 
quantities can comprise some of the constituents of a bio 
logical regulatory netWork, and the model can estimate the 
expression levels or quantities of other constituents of the 
biological regulatory netWork there from. In order for the 
model to be capable of this, the model is trained With 
reference data comprising both the variables that Will serve 
as inputs, as Well as the variables that Will be inferred as 
estimates. 

[0037] In step 120, the autoassociative estimates are dif 
ferenced With the actual input values to produce “residuals”. 
If an inferential model is used, While the actual measure 
ments for constituents or components for Which inferential 
estimates are generated are not inputted to the model, they 
are used at this point to form a difference With the model 
estimates. In step 124 one or more tests are performed on the 
residuals to provide information as to Which genomic or 
proteomic components are deviating, thus identifying poten 
tial biomarkers of disease or intervention targets. The steps 
described above can be performed for all samples in each of 
the tWo classes, including the class that the model Was 
trained on, to provide comparative residual information for 
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step 124. Hence, the model is trained on data from class 1, 
and further provides estimates and residuals for data from 
class 1 (for example, With test data from that class, or on a 
leave-one-out modeling basis); then that same model is used 
to provide estimates and residuals for class 2 data. 

[0038] Accordingly, one test that may be applied to the 
residuals is to calculate the mean of the residual for each 
genetic/proteomic component of the input, and compare the 
shift in means betWeen one class and another. Typically, if 
there is no deviation in the behavior of a component, the 
residual mean Will be close to zero, Whereas it Will be biased 
if behavior has changed. Components in Which the residual 
mean has shifted substantially are identi?ed as potential 
biomarkers, because their residuals have become pro 
nounced When testing With data from a second class in a 
model built from the ?rst class. 

[0039] An extension of this mean shift test is to calculate 
a residual signal-to-noise ratio, as described above for raW 
signals: The difference in residual means betWeen the tWo 
classes is divided by the sum of the residual standard 
deviations of the tWo classes. This conditions the shift in the 
mean by the apparent noisiness of the residuals. 

[0040] Yet another test is to examine the standard devia 
tion of the residuals of the tWo classes, and look for 
signi?cant changes. This is useful When the mean of a 
residual may remain around zero, but a change in expression 
behavior is evidenced by an increase in standard deviation. 

[0041] Given that microarray data can be very noisy, and 
the dynamics of the samples quite volatile, yet another 
residual test, called normalized cumulative residual, Which 
can be applied is to sum the absolute value of the residuals 
for each component, and divide by the range of the expres 
sion level data for that gene. 

[0042] Results of the estimation process can also be 
vieWed interactively by a researcher to see Where deviations 
occur betWeen actual expression levels and estimated 
expression levels. A softWare tool can be provided that 
shoWs these differences graphically, and alloWs a researcher 
to compare different sets of samples, or different selected 
features. Turning to FIG. 2, four plots are shoWn of esti 
mated and actual expression levels from a genomic expres 
sion level simulator representing “patient samples” from a 
diseased class, as modeled by a model trained on normal 
class data only. Across the X-axis of each plot is the sample 
number (patient) from Which an input vector of expression 
level data Was obtained. Each plot represents one genetic 
component of the expression panel. The Y-axis in each plot 
represents the expression level of that genetic component 
(e.g., an mRNA level as measured by a microarray). Each 
plot comprises tWo lines: One is the set of actual expression 
levels (e.g., line 201), and the other (e.g., line 202) is the set 
of model-estimated expression levels. There are of course 
many more genetic components that Were modeled in this 
case than the four that are shoWn. Signals 205 and 210 shoW 
a high correspondence betWeen actual expression levels and 
estimates from the model, such that it is dif?cult to see the 
difference betWeen the estimate line and the line for actual 
values. Furthermore, it can be seen that each patient or each 
sample has a different level of expression, being a snapshot 
in time of a dynamic system. Nonetheless, the model esti 
mates the value relatively faithfully. Genetic component 215 
hoWever shoWs massive deviation betWeen the levels of the 
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samples from this class, and the estimates generated by the 
model, Which shoW the high dynamism of the other genetic 
components. Here, the gene in question has turned off for the 
diseased patient samples, Which is anomalous compared to 
the dynamic expression levels expected. This Would be far 
more dif?cult to see on a purely statistical basis. Meanwhile, 
genetic component 220 represents a relatively non-dynamic 
gene, Which is “on” for all patients of both the normal and 
diseased classes, With an overlay of noise. 

EXAMPLE 

[0043] A simulated system comprising 15 constituents 
Was developed Whereby the 15 constituents related in their 
dynamic behavior to one another With varying degrees of 
linkage, emulating a regulatory netWork in a metabolic 
system. A set of reference data for this system, comprising 
observations of the 15 variables throughout various states of 
the dynamics of the system, Was used to train a kernel-based 
model. Then, sets of normal and diseased observations, 
respectively, Were generated, Wherein one of the 15 con 
stituents Was perturbed to be slightly loWer than it should be, 
regardless of its raW value. Turning to FIG. 10, a chart 1004 
shoWs the value (quantity, expression level, etc.) for the 
suspect constituent, for the set of normal test observations. 
Each stem is a separate measurement of that constituent 
from the set of observations of “normal” specimens. Simi 
larly is shoWn in chart 1005 the values for that same 
constituent in the set of observations of the “diseased” 
specimens. Values for the other 14 constituents are not 
shoWn in any of the charts of FIG. 10. In chart 1010, the 
estimated values for the suspect constituent are plotted on 
top of the actual values for normal specimens, generated by 
the trained model responsive to inputting the normal obser 
vations (estimates for the other 14 constituents are not 
shoWn, but Were generated by the model). Similarly, in chart 
1011, estimates for the suspect constituent are shoWn for the 
diseased specimens. In chart 1016, a bar is shoWn indicating 
the difference (residual) betWeen the estimate and the actual 
measurement for each sample for the suspect constituent in 
the normal specimens, With a parallel chart for the diseased 
specimens shoWn in chart 1017. Finally, the residuals are 
shoWn in bar charts 1020 and 1021 for normal and diseased 
specimens respectively. As can be seen, though all of the 
diseased specimens had values for this constituent in chart 
1005 that Were not extraordinary and indeed Were Well 
Within the typical expected range for the constituent (as can 
be seen by a comparison to the normal specimens in chart 
1004), the residuals across all samples shoW a decided 
pattern in chart 1021 of being loWer than expected. Turning 
to FIG. 11, the signal-to-noise ratios for each of the 15 
constituents in the diseased specimens are shoWn in chart 
1101, Wherein it can be seen that constituent #7 (the per 
turbed constituent) does not particularly stand out. HoWever 
in chart 1102, Which displays the signal-to-noise/ratios for 
the residuals generated using the model, the suspect con 
stituent #7 is readily identi?ed as a “bad actor” and is 
therefore a candidate biomarker of the diseased state. 

[0044] Further according to the invention, With reference 
to FIG. 9, residuals generated in the above-described man 
ner can be used for disease diagnosis. In this respect the 
invention is particularly advantageous over traditional diag 
nostic means Where a biological constituentitypically of 
the bloodiis measured and simply compared against the 
normal distribution of the population. What is missed in that 
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approach is that the disease may manifest as a subtler 
imbalance in one or more biological components (e.g., 
serum proteins) that do not exceed the normal distribution of 
the population. Accordingly, a model is trained in 900 With 
reference multivariate observations of constituent quantities 
or expression levels (gene expression levels, protein content, 
metabolite content, etc.) exhibited by normal, healthy sub 
jects. This reference data should cover a range of dynamic 
biological and metabolic normal conditions. In step 905, 
measurement data from one or more samples from a patient 
are provided for the same constituents. In step 910, the 
model generates estimates of constituents, as described 
elseWhere herein, responsive to the input of the patient’s 
data. In step 920, the estimates and actual measured values 
from the patient are dilferenced to produce residuals. Keep 
in mind, though a particular constituent may be measured in 
the patient to exhibit a value Well Within the normal distri 
bution of such measurements for the population, the residual 
for this constituent may be large, if the value the constituent 
should have taken on Was different than expected in the 
estimate of the model. In step 924, the residuals are tested to 
make a determination Whether the patient has a speci?c 
disease or not. This can be done in a number of Ways, even 
in Ways parallel to traditional methods. So, for example, 
Where traditionally a disease may be diagnosed by measur 
ing a constituent and determining the value thereof lies 
outside the normal distribution for the population, then 
according to the invention a disease may be diagnosed by 
testing a residual for a constituent (as produced With the 
model) and determining it lies outside the distribution of 
residuals expected for the healthy population (Which can be 
ascertained by accumulating a distribution of residuals for 
normal subjects With this same inventive procedure), or 
more generally that the residual for a constituent lies above 
or beloW a critical threshold. In the event that the disease is 
more complex, it’s diagnosis according to the invention may 
be performed by examining residuals for multiple constitu 
ents, or alternatively examining the residuals for a constitu 
ent for a time series of samples from the patient. In yet 
another embodiment, the pattern of residuals can be matched 
to patterns of residuals knoWn to be associated With a 
speci?c disease. Residuals have both magnitude and direc 
tion (e. g., loWer than expected or higher than expected), and 
patterns of residuals for diagnostic purposes can be formed 
in a variety of Ways. For example, the pattern can be as 
simple as a “hi-lo” scheme, Where each constituent residual 
is indicated to be either above normal, beloW normal or 
normal. In another example, the magnitude of the residual 
can be used to form a vector of residuals Which can be 
pattem-matched according to a variety of knoWn techniques 
for general pattern matching, such as a “nearest neighbor” 
approach. The residual pattern is tested for matching against 
a stored pattern or plurality of patterns associated With a 
disease or plurality of diseases, and if the match is found, a 
diagnosis can be made that the patient is exhibiting the 
disease. 

[0045] Further according to the invention, the diagnostics 
exempli?ed in FIG. 9 can be applied to disease progression, 
or prognostics, as Well. Residuals generated for one or more 
constituents can be measured against a progression scale that 
has been previously determined for knoWn progressions of 
the disease using the model-based residuals of the present 
invention. Alternatively, the progression can be determined 
using the above-described residual pattern matching, 
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whereby the residual pattern is matched to the closest 
progression class exempli?ed by residual patterns for that 
progression state. Likewise, the prognostic outlook for a 
patient’s condition can be made based on the residual of a 
constituent, on the residuals of a plurality of constituents, or 
by residual pattern matching. For example, the prognosis for 
a given disease can be strati?ed into a plurality based on 
residual patterns for prior knoWn cases of the disease and 
outcomes, and the present patient residual pattern matched 
against these for the closest match, indicating the likely 
prognosis. Of critical importance is the advantage afforded 
by the model-based residuals in differentiating biological 
expression levels or constituent quantities that subtly but 
reliably relate to disease state, Which measurements Would 
otherWise not be amenable to traditional methods merely 
comparing the quantity to a population mean and distribu 
tion. 

[0046] Turning to FIG. 3, the methodology of FIG. 1 can 
be extended to processing large sets of transcriptomic data 
to mine for biomarkers, in an iterative process. In step 105, 
the same sample vector is input., Which may comprise 
10,000 gene expression levels. In step 305, a subset of that 
set is ?ltered out for processing, Which may be ?ltering for 
100 feature genes at a time. The example 100 feature genes 
are then processed in step 310 through the model, Where 310 
represents the appropriate optional normalization step, 
autoassociative modeling step, residual generation step and 
residual test step as described With respect to FIG. 1. The 
results of this iteration are stored in step 315. Then the 
process is repeated With another set of features selected from 
the input in 305. In each iteration, an appropriately trained 
model corresponding to the feature genes selected is used in 
the modeling step 310. When all the iterations are complete, 
and all the desired input genes have been processed, the 
results are combined to identify the biomarkers across the 
10,000-gene input. By breaking the modeling up into 
smaller chunks, the model is better able to track deviations. 
In a preferred embodiment, genes are selected With overlap 
in step 305, so that a genetic component can be modeled in 
more than one model, and in combination With different sets 
of genes taken, e.g., 100 at a time. By performing many 
iterations of subsets of data from the input sample, each 
genetic component has a statistical likelihood of being 
modeled in combination With genes Which are part of its 
regulatory netWork, and Which it is likely to have some kind 
of expression level relationship With. In step 320, then, 
results for genes are combined across all iterations, and it is 
determined statistically Which genes had consistent indica 
tions of deviations. Thus, genes may be selected as biom 
arkers that have consistently shifted residuals; or that exhib 
ited extremely large deviations in one or some of the 
iterations they Were involved in, irrespective of hoW they 
performed in other iterations. Of course the above iterative 
search procedure can be extended for any sets of constitu 
ents, such as proteins, metabolites, and the like. 

[0047] Turning noW to the model, a number of techniques 
may be used to capture and model the relationships betWeen 
genetic components to the extent they exist as biological 
pathWays and netWorks of gene regulatory products. The 
model technique according to the invention must provide for 
multivariate autoassociative estimation, and must be capable 
of Working Without time/ sequence information, since the 
sample inputs are typically from distinct patient samples and 
have no knoWn time element. Preferably, the modeling 
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technique is empirical. One class of models appropriate for 
the invention is the class of kernel-based models, exempli 
?ed by the equation: 

L (2) 

x... = Z vim”... x.) 
[:1 

Where the autoassociative estimate vector Xest is generated 
from a Weighted sum of results from a kernel function K, 
Which compares the input vector XneW to learned patterns of 
expression levels, Xi. Kernel function K is a generaliZed 
inner product, but preferably has the further characteristic 
that its absolute value is maximum When XneW and Xi are 
identical. The learned patterns come from the class on Which 
the model is trained. One form of kernel-based model 
suitable for the present invention is the Nadaraya-Watson 
kernel regression, adapted for autoassociative output: 

L (3) 

Z dim”... a.) 
[:1 _ D-(DT ox...) 

Xest : 

5 mm, d;) 2 (DT m...) 
[:1 

Where di represents the training pattern vectors (equivalent 
to Xi above), and comprises the training matrix D, and the 
kernel can be selected from a set of similarity operators 

® Which are described further herein. In this case, the 
Weights c are based on the sum of the kernel results 
themselves. 

[0048] In a preferred embodiment, the kernel-based model 
is a similarity-based model (SBM), Which in its autoasso 
ciative form is given by: 

Xest — 

or alternatively, doing aWay With normalization by the 
Weights: 

Again, the D matrix is the set of learned patterns, each vector 
comprising the expression level data for a plurality of 
genetic and/or protein components (and/or other metabo 
lites). Uniquely, the Weights c are determined in SBM in part 
by calculating the self-similarity inherent in the D matrix, 
Where each vector in D is compared using the similarity 
kernel to every other vector in D. SBM is a particularly 
robust estimator, especially effective for noisy transcrip 
tomic data. 

[0049] The similarity operator is a type of kernel, Which 
compares the input vector (e.g., Xin above) to another vector 
(e.g., one of the learned vectors Xi) and generates a scalar 
score from the comparison. Generally, in terms of a simi 
larity score, the result should range betWeen tWo boundary 
values (e.g., from Zero to one), and When the input vectors 
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are identical, the value of one of the boundary values should 
be returned, and as the vectors become increasingly dissimi 
lar, the similarity score should approach the other boundary. 
One example is the Gaussian operator given by: 

Where h is a “Width” parameter that scales the response, and 
the function changes With N-dimensional distance betWeen 
the vectors. At one extreme, When the vectors are identical, 
the response is one, and as the vectors become increasingly 
different, the similarity s drops oif toWard Zero. Other 
boundary values may be used as the scale of similarity, and 
other similarity operators can be used. As another example, 
the similarity may be calculated on an elemental basis, that 
is, by calculating a similarity score for each pair of corre 
sponding elements of the vectors, and then averaging the 
elemental similarity scores to produce a vector-to-vector 
similarity score. For example, the similarity may be: 

(7) 

Where N is the number of gene expression or protein 
components in each vector, AXi is the element from one of 
the vectors, and BXi is the corresponding element from the 
other vector, and R is a range associated With each compo 
nent, Which can be determined from the training data. The 
factors 7» and C are scaling factors that can be used to tune 
the model, but in the default case, can be set to one. 

[0050] In a preferred embodiment of the invention, local 
iZation is used to recreate the model With each neW sample. 
Accordingly, turning to FIG. 4, the process of generating 
estimates is shoWn to include the reconstitution of the model 
based on the input sample. The training samples that com 
prise the Xi in the above discussion noW are used to 
constitute a potentially large pool of training samples H, in 
step 405. The current sample is input to the modeling 
process in step 410. Based on that sample, a subset of the 
training set H is selected to comprise the matrix D described 
above, in step 415. Finally, using this localiZed D matrix 
speci?c to this input sample, the estimates are generated in 
step 420 as described above With respect to FIGS. 1 and 3 
and With respect to the above equations. By doing localiZa 
tion, many extraneous samples are excluded from diluting 
the e?icacy of the model, and only the most relevant 
observations are included in the model. This is extremely 
useful, for example, in vieW of the fact that transcriptomic 
samples represent a mere instant snapshot of cellular activity 
in a dynamic, living system. While a large library of patient 
samples may be assembled to provide learning patterns for 
the model, only a subset of those may represent the cellular 
behavior appropriate for the input sample at the moment it 
Was acquired, and localiZation is key to generating a relevant 
empirical model on-the-?y. Kernel-based models are excep 
tionally Well suited for this kind of localiZation because they 
are trained in one pass and can be updated rapidly. 

[0051] A variety of criteria can be used to constitute the 
localiZed D matrix membership, including the similarity 
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operator itself. Hence, according to one embodiment of the 
invention, the input vector can be compared to the library H 
of stored samples, and a similarity s can be calculated for 
each comparison. This provides a ranking of the stored 
samples, and a certain top fraction of them can be included 
in the D matrix. In a preferred embodiment of this localiZa 
tion aspect, vectors in the ranked list for H are included to 
the extent they provide a value for one of the transcriptome 
components that “brackets” the corresponding value in the 
input vector. This search doWn the ranked list is performed 
until either all values in the input vector are bracketed on 
both the loW and high side, or until a maximum limit of 
vectors to include in D is reached. Other slight modi?cations 
in determining the membership of localiZed D are Within the 
scope of the invention. 

[0052] Turning to FIG. 5, the results of an analysis are 
shoWn for 1000 genes in a similarity-based model With 
localiZation. The bars each shoW the normaliZed cumulative 
residual for each of the 100 genes, for a simulated set of 
genomic expression data. Each of the genes labeled 503, 
504, 507, 510 and 512 Were set to be “bad actors” in the 
genomic data, changing their dynamic behavior to simulate 
some form of breakdoWn of expression regulation. Genes 
502 and 508 Were tightly coupled With bad actor genes in a 
simulated regulatory netWork, and hence evidenced a sig 
nature of pathWay breakdoWn as Well. In contrast, the 
general background normaliZed cumulative residuals 530 
Were substantially loWer. A simple threshold can be applied 
to generate a list of candidate biomarkers, or all the genes 
analyZed can be ranked based on a residual test, for further 
investigation. Because the kemel-based modeling approach 
used in the invention is fast to retrain, one can run alternative 
models with different feature sets and compare results, more 
rapidly discovering potential biomarkers, and advanta 
geously highlighting previously unknoWn biological path 
Ways and regulation netWorks. 

[0053] Turning noW to FIG. 6, a ?owchart is shoWn of 
another aspect of the present invention for use in diagnostics 
and prognostics. This aspect of the invention is useful When 
a clinical determination of disease state is needed, either to 
detect the presence or absence of disease, or to distinguish 
Which form of a disease is present, or Which state of 
progression is evidenced. Accordingly, in step 601, a model 
is trained using prior-obtained expression level data repre 
sentative of tWo classes, including a class variable, for 
example a “l” for class 1 and “—l” for class 2. In clinical 
practice, then, in step 605 a test sample is provided, for 
Which a classi?cation determination is desired. 

[0054] In optional step 607, the expression level data is 
normalized, to remove experiment-to-experiment variation. 
As mentioned above, the data can be normaliZed using 
scaling according to the mean and standard deviation of the 
expression levels in a given patient sample. It may be 
preferable to perform the normaliZation prior to the ?ltering 
step 613, because it Will better re?ect the overall baseline of 
the sample input experiment to use all the genomic compo 
nents in the normaliZation, rather than just selected/?ltered 
features. Hence, in this FIG. 6 in contrast to FIG. 1, the 
normaliZation step is shoWn prior to the ?ltering step, to 
demonstrate that ?ltering and normaliZation can be per 
formed in either sequence, as makes sense, according to the 
invention. 
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[0055] In optional step 613, the data may be ?ltered, for 
example to choose certain feature genes as a subset of the 
total number of expression levels available in the input 
sample. (However, it should be noted that in a clinical 
setting, it is likely an appropriately doWn-sized microarray 
Will have been tailored to the clinical test, and Will have only 
the feature genes on it that are useful for the particular 
classi?cation. Hence, the input sample may have expression 
level data for only a dozen or tWo dozen probes.) The 
signal-to-noise ratio score is a commonly used ranking for 
genomic feature selection and can be used in the present 
invention to ?lter a subset of expression levels for classi? 
cation. The signal-to-noise scores are determined from the 
training data that Was used to train the model, and is shoWn 
above. 

[0056] In step 620, the input sample is used by the model 
to generate an inferred variable, the class, of the input 
sample. The model is “inferential” in the sense that the class 
variable is not one of the inputs, as Would be the case in an 
“autoassociative” model. Whereas the class variable in the 
training data is typically a discrete value (e.g., “l” or “—l”), 
the estimate directly from the model itself Will be a con 
tinuous variable over the span of the discrete class variable 
range. 

[0057] In step 623, the estimate of the class variable is 
tested. Since the class estimate is a continuous variable, 
there is a need to “discretize” the outcome. In the simplest 
form, the estimated class can be thresholded, and is assigned 
the discrete class that it is closer to. With class variables “1” 
an “—l” this Would be equivalent to a threshold at zero. 
Alternatively, the threshold can be something other than the 
midWay point betWeen the discrete values, if this is for 
example Warranted by the statistical distribution of class 
estimates made on the training data as a test. Accordingly, 
the distribution of estimates for the training data can be used 
to establish a threshold that optimally separates the tWo 
distributions. A further possibility is to calculate a likelihood 
of membership function for each distribution, and test the 
input sample class estimate With these membership func 
tions. 

[0058] In step 630, the classi?cation of the input sample is 
output to the clinician or user. The output may be accom 
panied by a con?dence assigned from the membership 
functions of the tWo distributions. 

[0059] The model used in classi?cation is again preferably 
an empirical model as described above, and more preferably 
a kemel-based model. In contrast to the autoassociative case, 
the model for classi?cation must take an inferential form 
(this form is also used for residual generation With inferen 
tial models, described hereinabove). Generally, the kemel 
based methods Will take the form: 

L (8) 

& = Z cimm. xi) 
[:1 

Where in this case an inferred variable or vector of variables 
y is determined from a comparison of a set of trained 
(learned) multivariate observations xi to the input observa 
tion xnew using a kernel operator. These results are combined 
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linearly according to the Weights ci to yield the result. In 
kernel regression, a form of smooth estimator, the kernel 
equation takes the form: 

L . (9) 

Z dimmm. d5") 
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Where di are the learned vectors, and D is the matrix of such 

vectors. The kernel is represented by the operator ® in the 
second form of the equation above. What kernel regression 
amounts to is that the Weights c have become the D vectors 
normalized by the sum of the kernel comparison values. The 
training matrix D has been split into tWo sections for the 
inferential form, the ?rst Din being those elements corre 
sponding to expression level data, and Dout being those 
elements corresponding to the classi?cation assigned to the 
expression level data. Hence, With genomic components in 
roWs, and the last roW being “class”, and training samples in 
columns, Din Would be all roWs above the last roW, and Dout 
Would be a vector of the last roW, the class variable. 

[0060] Most preferably, a similarity-based model is used. 
Similarity-based modeling has a different form of the 
Weights c as described above, and in the inferential form is 
used as: 

_ Dom - (D5. @Dmfl r05. min) (10) 
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Where the division by the sum has been dropped (used When 
the data is normalized 0 o 1). In other Words, the kernel 
results in SBM are normalized by the self-referential simi 
larities of the training vectors themselves. SBM is a robust 
interpolator, and Will ignore noise variables that might 
otherWise in?uence its ability to estimate variables evidenc 
ing real interrelationships. 
[0061] The output can be an inferred variable y (Dout 
comprises the output classi?cation yi associated With the 
training vectors), or an inferred multivariate vector y (again, 
Dout comprises the output vectors yi associated With the 
training vectors). According to the classi?cation embodi 
ment of the invention summarized above, the model is an 
inferential model that predicts the class variable y, Which 
may take on tWo values in the training data, and the estimate 
of Which Will range betWeen those tWo values. (In the 
above-described generation of residuals using an inferential 
model, it is inferred constituent estimate(s) that are gener 
ated instead of the classi?cation estimate). 

[0062] According to the invention, localization can be 
used in the inferential modeling process. The D matrix can 
be reconstituted on-the-?y based on the input observation. 
This is described above. 

[0063] Turning to FIG. 7, an example is shoWn of clas 
si?cation for prostate cancer expression level data. Training 






