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puted model scores. 
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SYSTEMS AND METHODS FOR DETECTING 
BIOLOGICAL FEATURES 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

[0001] This application claims bene?t, under 35 USC § 
119(e), of US. Provisional Patent Application No. 60/577, 
416 ?led on Jun. 5, 2004 Which is incorporated herein, by 
reference, in its entirety. This application also claims bene?t, 
under 35 USC § 119(e), of US. Provisional Patent Appli 
cation No. 60/507,381 ?led on Sep. 29, 2003 Which is 
incorporated herein, by reference, in its entirety. This appli 
cation also clairns bene?t, under 35 USC § 119(e), of US. 
Provisional Patent Application No. 60/507,445 ?led on Sep. 
29, 2003 Which is incorporated herein, by reference, in its 
entirety. This application is a continuation-in-part of US. 
patent application Ser. No. 10/861,216, ?led on Jun. 4, 2004, 
Which is incorporated herein, by reference, in its entirety. 
This application is also a continuation-in-part of US. patent 
application Ser. No. 10/861,177, ?led on Jun. 4, 2004, Which 
is incorporated herein, by reference, in its entirety. 

1. FIELD OF THE INVENTION 

[0002] The ?eld of this invention relates to computer 
systems and methods for identifying biological features, 
such as disease, in biological specimens. 

2. BACKGROUND OF THE INVENTION 

[0003] A ?rst step in rationally treating disease is to assess 
the patient against a classi?cation of diseases, the results 
being used to determine What kind of disease the patient has 
and to predict the person’s response to various therapies. 
The effectiveness of the process depends on the quality of 
the classi?cation. At least in the case of cancer, the advent 
of rnicroarray methods to analyZe DNA, RNA or proteins 
from tumor cells has started to re?ne and improve the 
classi?cation of cancer cells. See, for example, Golub et al., 
1999, Science 286, p. 531. 

[0004] Further, van’t Veer et al., 2002, Nature 415, p. 530, 
illustrates hoW such “rnolecular pro?ling” is improving 
cancer classi?cation. Van’t Veer et al. shoWs that the results 
of gene-expression pro?ling of breast tumors, carried out 
after they had been surgically removed, can be used to 
predict Which patients Will develop clinical rnetastasis (the 
spread of the tumor to other sites, Where secondary turnors 
develop). Treatment for individual breast cancer patients is 
chosen according to various criteria, such as the eXtent of 
tumor spread (Which involves deterrnining tumor size), 
Whether cancer cells have spread to the auXiliary lymph 
nodes and how many nodes are involved, and Whether 
distant clinical metastases are present. In Women With no 
evidence of metastasis, the mainstay of treatment aimed at 
curing the disease is the removal of the tumor and radio 
therapy. Unfortunately sorne of these patients later develop 
clinical rnetastasis. Thus, there is a need to identify Women 
Who, after surgery, Will require further (“adjuvant”) therapy 
for the microscopic deposits of cancer cells that may have 
already spread from the primary tumor. See, for example, 
Caldas and Aparicio, 2002, Nature 415, p. 484; and Gold 
hirsch et al. 1998, J. Natl. Cancer Inst. 90, p. 1601. 

[0005] Adjuvant therapy uses pharmaceutical agents, such 
as oestrogen rnodulators or cytotoXic drugs that reach cancer 
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cells through the bloodstream. Such treatrnents frequently 
have toXic side effects. Identifying Women Who might need 
such treatment has traditionally relied on various clinical 
and histopathological indicators (e.g., patient’s age, degree 
to Which the cancer cells resernble their normal counterparts, 
the ‘tumor grade’, and Whether the cancer cells express the 
oestrogen receptor). Even taken together, hoWever, these 
indicators are only poorly predictive. So, to save a siZable 
but small percentage of lives, many patients Who Would have 
been cured by surgery and radiotherapy alone go on to 
receive unnecessary and toXic adjuvant treatment. 

[0006] The results of van’t Veer et al., 2002, Nature 415, 
p. 530 as Well as other studies are beginning to be used in 
classi?cation schemes that attempt to characteriZe a biologi 
cal specirnen (e.g. turnor) from a patient into plurality of 
biological sample classes (e.g., breast cancer requiring adju 
vant therapy versus breast cancer that does not require 
adjuvant therapy). A number of clinical trials, funded by 
companies and organiZations such as the Avon Foundation, 
Millenniurn Pharrnaceuticals, the European OrganiZation for 
Research and Treatment of Cancer, and the National Cancer 
Institute, are presently underWay to discover and validate 
such classi?cation schernes. See, for example, Branca, 2003, 
Science 300, p. 238. 

[0007] A number of biological classi?cation schemes are 
available for breast cancer. For example, RarnasWarny et al., 
2003, Nature Genetics 33, p. 49 provides a gene-expression 
signature that distinguishes prirnary frorn rnetastatic adeno 
carcinornas. Su et al., 2001, Cancer Research 61, p. 7388, 
describe the use of large-scale RNApro?ling and supervised 
rnachine-learning algorithms to construct a ?rst-generation 
rnolecular classi?cation scheme for identifying carcinomas 
of the prostate, breast, lung ovary, colorecturn, kidney, 
pancreas, bladder/ureter, and gastroesophagus. The Su et al. 
rnolecular classi?cation scheme is useful in diagnosing 
rnetastatic cancers in Which the origin of the primary tumor 
has not been determined. Wilson et al., 2002, American 
Journal of Pathology 161, provides an eXpression signature 
characteristic of HER2/neu positive tissue that is correlated 
With reduced survival of node-positive breast cancer 
patients. Richer et al., 2002, The Journal of Biological 
Chemistry 277, p. 5209, provides a genetic signature for 
human breast cancer cells that are over-expressing proges 
terone receptor-A (PR-A) and a genetic signature for human 
breast cancer cells that are over-expressing progesterone 
receptor-B (PR-B). As indicated by Richer et al., 2002, an 
eXcess of one or the other PR isoforrns can result in tumors 
With different prognostic and horrnone-responsiveness pro 
?les frorn tumors that have equirnolar levels of the tWo PR 
isoforrns. Gruvberger et al., 2001, Cancer Research 61, p. 
5979, provides a molecular classi?cation based on DNA 
rnicroarray data that can discrirninate turnors based on 
estrogen receptor status. 

[0008] The biological classi?cation schernes outlined 
above are just a sampling of the many biological classi? 
cation schernes that are available for breast cancer. Further, 
breast cancer, represents just one of many biological clas 
si?cations of interest. Other representative biological clas 
si?cations include a diagnosis of cancer generally and, even 
more generally, a diagnosis of a disease. One problem With 
each of these aforernentioned biological classi?cation 
schemes is that they each require specialiZed input (e.g., 
forrnatted rnicroarray data). Thus, in an effort to characteriZe 
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a biological specimen, the specialized input and output of 
each biological classi?cation scheme must be deciphered. 
Because of such obstacles, medical care professionals typi 
cally use only a limited subset, at most, of such biological 
classi?cation schemes. 

[0009] Thus, given the above background, What is needed 
in the art are improved methods for making biological 
classi?cation schemes available for classifying specimens 
into biological classes. 

[0010] Discussion or citation of a reference herein Will not 
be construed as an admission that such reference is prior art 
to the present invention. 

3. SUMMARY OF THE INVENTION 

[0011] A ?rst embodiment of the present invention pro 
vides a computer having a central processing unit and a 
memory coupled to the central processing unit. The memory 
stores instructions for receiving data, Wherein the data 
comprises one or more characteristics for each cellular 
constituent in a plurality of cellular constituents that have 
been measured in a test organism of a species or a test 
biological specimen from an organism of the species. The 
memory further stores instructions for computing a model in 
a plurality of models, Wherein the model is characteriZed by 
a model score that represents the absence or presence of a 
biological feature in the test organism or the test biological 
specimen. Computation of the model comprises determining 
the model score using one or more characteristics for one or 
more cellular constituents in the plurality of cellular con 
stituents. The memory further comprises instructions for 
repeating the instructions for computing one or more times, 
thereby computing the plurality of models. Also stored in the 
memory are instructions for communicating each of the 
computed model scores. 

[0012] In some embodiments, tWo or more model scores 
are communicated by the instructions for communicating 
and each model score in these tWo or more model scores 
corresponds to a different model in the plurality of models. 
In some embodiments, ?ve or more model scores are com 
municated by the instructions for communicating and each 
model score in the ?ve or more model scores corresponds to 
a different model in the plurality of models. 

[0013] In some embodiments, the instructions for receiv 
ing data comprise instructions for receiving the data from a 
remote computer over a Wide area netWork such as the 

Internet. In some embodiments, the instructions for com 
municating comprise instructions for transmitting each 
model score to a remote computer over a Wide area netWork 

such as the Internet. 

[0014] In some embodiments, the test organism or the test 
biological specimen is deemed to have the biological feature 
represented by a model in the plurality of models When the 
model score is in a ?rst range of values and not to have the 
biological feature represented by the model When the model 
score is in a second range of values. In some embodiments, 
the biological feature is a disease such as cancer (e.g., breast 
cancer, lung cancer, prostate cancer, colorectal cancer, ova 
rian cancer, bladder cancer, gastric cancer, or rectal cancer, 

etc.) 
[0015] In some embodiments, the plurality of models 
comprises a ?rst model characteriZed by a ?rst model score 
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and a second model characteriZed by a second model score 
and an identity of a cellular constituent Whose one or more 
characteristics is used to compute the ?rst model score is 
different than an identity of a cellular constituent Whose one 
or more characteristics is used to compute the second model 
score. 

[0016] In some embodiments, a characteristic in the one or 
more characteristics for one or more cellular constituents 

used to determine the model score for a model in the 
plurality of models comprises an abundance of the one or 
more cellular constituents in the test organism of the species 
or the test biological specimen from an organism of the 
species. In some instances, the species is human. In some 
instances, the test biological specimen is a biopsy or other 
form of sample from a tumor, blood, bone, a breast, a lung, 
a prostate, a colorectum, an ovary, a bladder, a stomach, or 
a rectum. 

[0017] In some embodiments, the one or more character 
istics comprises cellular constituent abundance and the data 
comprises cellular constituent abundances of at least one 
hundred, at least ?ve hundred, at least ?ve thousand, or 
betWeen one thousand and tWenty thousand cellular con 
stituents in the test organism of the species or said the 
biological specimen from the organism of the species. In 
some embodiments, a cellular constituent in the plurality of 
cellular constituents is mRNA, cRNA or cDNA. 

[0018] In some embodiments of the present invention, a 
cellular constituent in the one or more cellular constituents 
is a nucleic acid or a ribonucleic acid and a characteristic in 
the one or more characteristics of the cellular constituent is 
obtained by measuring a transcriptional state of all or a 
portion of the cellular constituent in the test organism or the 
test biological specimen. In some embodiments, a cellular 
constituent in the one or more cellular constituents is a 
protein and a characteristic in the one or more characteristics 
of the cellular constituent is obtained by measuring a trans 
lational state of the cellular constituent in the test organism 
or the test biological specimen. In some embodiments, a 
characteristic in the one or more characteristics of a cellular 
constituent in the plurality of cellular constituents is deter 
mined using isotope-coded af?nity tagging folloWed by 
tandem mass spectrometry analysis of the cellular constitu 
ent using a sample obtained from the test organism or the 
test biological specimen. In some embodiments, a charac 
teristic in the one or more characteristics of a cellular 
constituent in the plurality of cellular constituents is deter 
mined by measuring an activity or a post-translational 
modi?cation of the cellular constituent in a sample obtained 
from the test organism or in the test biological specimen. 

[0019] In some embodiments, the biological feature is 
sensitivity to a drug. In some embodiments, the plurality of 
models for Which model scores are computed by instances of 
the instructions for computing collectively represent the 
presence or absence of tWo or more biological features. In 
some embodiments, each biological feature in the tWo or 
more biological features is a cancer origin. In some embodi 
ments, the tWo or more biological features comprise a ?rst 
disease and a second disease. 

[0020] In some embodiments, the plurality of models for 
Which model scores are computed by instances of the 
instructions for computing collectively represent the pres 
ence or absence of ?ve or more biological features. In some 
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instances, each of the ?ve or more biological features 
represents a different cancer origin. In some instances, the 
?ve or more biological features comprise a ?rst disease and 
a second disease. 

[0021] In some embodiments, the plurality of models for 
Which model scores are computed by instances of the 
instructions for computing collectively represent the pres 
ence or absence of betWeen tWo and tWenty biological 
features. In some embodiments, each biological feature in 
the betWeen tWo and tWenty biological features is a cancer 
origin. In some embodiments, the betWeen tWo and tWenty 
biological features comprise a ?rst disease and a second 
disease. 

[0022] Another aspect of the invention comprises a com 
puter having a central processing unit and a memory coupled 
to the central processing unit. The memory stores instruc 
tions for receiving data. The data comprises one or more 
characteristics for each cellular constituent in a plurality of 
cellular constituents that have been measured in a test 
organism of a species or a test biological specimen from an 
organism of the species. The memory further stores (ii) 
instructions for computing a plurality of models. Each 
model in the plurality of models is characteriZed by a model 
score that represents the absence or presence of a biological 
feature in the test organism or the test biological specimen. 
Computation of a respective model in the plurality of models 
comprises determining the model score associated With the 
respective model using one or more characteristics for one 
or more cellular constituents in the plurality of cellular 
constituents. The memory further stores instructions for 
communicating each model score computed in an instance 
of the instructions for computing. 

[0023] Still another aspect of the invention comprises a 
computer program product for use in conjunction With a 
computer system. The computer program product comprises 
a computer readable storage medium and a computer pro 
gram mechanism embedded therein. The computer program 
mechanism comprises instructions for receiving data. The 
data comprises one or more characteristics for each cellular 
constituent in a plurality of cellular constituents that have 
been measured in a test organism of a species or a test 
biological specimen from an organism of the species. The 
computer program mechanism further comprises instruc 
tions for computing a model in a plurality of models. The 
model is characteriZed by a model score that represents the 
absence or presence of a biological feature in the test 
organism or the test biological specimen and computation of 
the model comprises determining the model score using one 
or more characteristics for one or more cellular constituents 

in the plurality of cellular constituents. The computer pro 
gram product further comprises instructions for repeating 
the instructions for computing one or more times, thereby 
computing the plurality of models. Still further, the com 
puter program product comprises instructions for commu 
nicating each model score computed in an instance of the 
instructions for computing. 

[0024] Another aspect of the invention provides a com 
puter program product for use in conjunction With a com 
puter system. The computer program product comprises a 
computer readable storage medium and a computer program 
mechanism embedded therein. The computer program 
mechanism comprises instructions for receiving data. The 
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data comprises one or more characteristics for each cellular 
constituent in a plurality of cellular constituents that have 
been measured in a test organism of a species or a test 
biological specimen from an organism of the species. The 
computer program mechanism further comprises instruc 
tions for computing a plurality of models. Each model in the 
plurality of models is characteriZed by a model score that 
represents the absence or presence of a biological feature in 
the test organism or the test biological specimen and com 
putation of a respective model in the plurality of models 
comprises determining the model score associated With the 
respective model using one or more characteristics for one 
or more cellular constituents in the plurality of cellular 
constituents. The computer program mechanism further 
comprises instructions for communicating each model score 
computed in an instance of the instructions for computing. 

[0025] Another aspect of the present invention comprises 
a method in Which data is obtained. The data comprises one 
or more characteristics for each cellular constituent in a 
plurality of cellular constituents that have been measured in 
a test organism of a species or a test biological specimen 
from an organism of the species. The method further com 
prises computing a model in a plurality of models. The 
model is characteriZed by a model score that represents the 
absence or presence of a biological feature in the test 
organism or the test biological specimen. Computation of 
the model comprises determining the model score using one 
or more characteristics for one or more cellular constituents 

in the plurality of cellular constituents. The method further 
comprises repeating the computing one or more times 
thereby computing the plurality of models. The method 
further comprises communicating each model score com 
puted in an instance of the computing. 

[0026] Still another aspect of the invention comprises 
receiving data. The data comprises one or more character 
istics for each cellular constituent in a plurality of cellular 
constituents that have been measured in a test organism of 
a species or a test biological specimen from an organism of 
the species. A plurality of models is computed. Each model 
in the plurality of models is characteriZed by a model score 
that represents the absence or presence of a biological 
feature in the test organism or the test biological specimen 
and computation of a respective model in said plurality of 
models comprises determining the model score associated 
With the respective model using one or more characteristics 
for one or more cellular constituents in the plurality of 
cellular constituents. Then, each model score computed in 
an instance of computing is communicated. 

[0027] Still another aspect of the invention provides a 
computer having a central processing unit and a memory, 
coupled to the central processing unit. The memory stores 
instructions for sending data. The data comprises one or 
more characteristics for each cellular constituent in a plu 
rality of cellular constituents that have been measured in a 
test organism of a species or a test biological specimen from 
an organism of the species. The memory further stores 
instructions for receiving a plurality of model scores. Each 
model score corresponds to a model in a plurality of models. 
Each model in the plurality of models is characteriZed by a 
model score that represents the absence or presence of a 
biological feature in the test organism or the test biological 
specimen and computation of the model comprises deter 
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mining the model score using one or more characteristics for 
one or more cellular constituents in the plurality of cellular 
constituents. 

[0028] Another aspect of the present invention provides a 
computer comprising a central processing unit and a 
memory coupled to the central processing unit. The memory 
stores instructions for receiving data, Wherein the data 
comprises one or more aspects of the biological state of each 
cellular constituent in a plurality of cellular constituents that 
have been measured in a test organism of a species or a test 
biological specimen from an organism of the species. The 
memory further stores instructions for computing a model in 
a plurality of models. The instructions for computing pro 
duce a model characteriZation for the model that indicates 
Whether the test organism of the species or the test biological 
specimen from the organism of the species is a member of 
a biological sample class. The instructions for computing the 
model comprise characteriZing the model using one or more 
aspects of the biological state of one or more cellular 
constituents in the plurality of cellular constituents. The 
memory further stores instructions for repeating the instruc 
tions for computing one or more times, thereby computing 
the plurality of models. The memory also stores instructions 
for communicating each model characteriZation computed 
in an instance of the instructions for computing. In some 
embodiments, the instructions for receiving data comprise 
instructions for receiving the data from a remote computer 
over a Wide area netWork, such as the Internet. In some 

embodiments, the biological sample class is a disease such 
as cancer. 

[0029] Another aspect of the invention provides a com 
puter comprising a central processing unit and a memory, 
coupled to the central processing unit. The memory stores 
instructions for receiving data. The data comprises one or 
more aspects of the biological state of each cellular con 
stituent in a plurality of cellular constituents that have been 
measured in a test organism of a species or a test biological 
specimen from an organism of the species. The memory 
further stores instructions for computing a plurality of 
models. This computing produces a model characteriZation 
for each model in the plurality of models that indicates 
Whether the test organism of the species or the test biological 
specimen from the organism of the species is a member of 
a biological sample class. The computing comprises char 
acteriZing each model in the plurality of models using one or 
more aspects of the biological state of one or more cellular 
constituents in the plurality of cellular constituents. The 
memory further stores instructions for communicating each 
model characteriZation computed by the instructions for 
computing. 

[0030] Still another aspect of the invention provides a 
computer program product for use in conjunction With a 
computer system. The computer program product comprises 
a computer readable storage medium and a computer pro 
gram mechanism embedded therein. The computer program 
mechanism further comprises instructions for receiving data. 
Such data comprises one or more aspects of the biological 
state of each cellular constituent in a plurality of cellular 
constituents that have been measured in a test organism of 
a species or a test biological specimen from an organism of 
the species. The computer program mechanism further com 
prises instructions for computing a model in a plurality of 
models. Such computing produces a model characteriZation 
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for the model that indicates Whether the test organism of the 
species or the test biological specimen from the organism of 
the species is a member of a biological sample class. The 
computation of the model comprises characteriZing the 
model using one or more aspects of the biological state of 
one or more cellular constituents in the plurality of cellular 
constituents. The computer program mechanism further 
comprises instructions for repeating the instructions for 
computing one or more times, thereby computing the plu 
rality of models. The computer program mechanism also 
comprises instructions for communicating each model char 
acteriZation computed in an instance of the instructions for 
computing. 
[0031] Still another aspect of the invention comprises a 
computer program product for use in conjunction With a 
computer system. The computer program product comprises 
a computer readable storage medium and a computer pro 
gram mechanism embedded therein. The computer program 
mechanism comprises instructions for receiving data. The 
data comprises one or more aspects of the biological state of 
each cellular constituent in a plurality of cellular constitu 
ents that have been measured in a test organism of a species 
or a test biological specimen from an organism of the 
species. The computer program mechanism further com 
prises instructions for computing a plurality of models. The 
computing produces a model characteriZation for each 
model in the plurality of models that indicates Whether the 
test organism of the species or the test biological specimen 
from the organism of the species is a member of a biological 
sample class. The computing comprises characteriZing each 
model in the plurality of models using one or more aspects 
of the biological state of one or more cellular constituents in 
the plurality of cellular constituents. The computer program 
mechanism further comprises instructions for communicat 
ing each model characteriZation computed by the instruc 
tions for computing. 

[0032] Another aspect of the invention provides a method 
that comprises receiving data. Such data comprises one or 
more aspects of the biological state of each cellular con 
stituent in a plurality of cellular constituents that have been 
measured in a test organism of a species or a test biological 
specimen from an organism of the species. A model in a 
plurality of models is computed. The computing produces a 
model characteriZation for the model that indicates Whether 
the test organism of the species or the test biological 
specimen from the organism of the species is a member of 
a biological sample class. The computing of the model 
comprises characteriZing the model using one or more 
aspects of the biological state of one or more cellular 
constituents in the plurality of cellular constituents. The 
computing is repeated one or more times thereby computing 
the plurality of models. Each of the model characteriZation 
computed in an instance of the computing is then commu 
nicated. 

[0033] Still another aspect of the invention comprises 
receiving data. The data comprises one or more aspects of 
the biological state of each cellular constituent in a plurality 
of cellular constituents that have been measured in a test 
organism of a species or a test biological specimen from an 
organism of the species. Aplurality of models is computed. 
Such computing produces a model characteriZation for each 
model in the plurality of models that indicates Whether the 
test organism of the species or the test biological specimen 
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from the organism of the species is a member of a biological 
sample class. The computing comprises characterizing each 
model in the plurality of models using one or more aspects 
of the biological state of one or more cellular constituents in 
the plurality of cellular constituents. Each computed model 
characteriZation communicated. 

4. BRIEF DESCRIPTION OF THE DRAWINGS 

[0034] FIG. 1 illustrates a computer system for classifying 
a biological specimen in accordance With one embodiment 
of the present invention. 

[0035] FIG. 2 illustrates processing steps for using a 
plurality of classi?ers to classify a specimen in accordance 
With one embodiment of the present invention. 

[0036] FIG. 3 illustrates a data structure that stores a 
plurality of models (classi?ers) in accordance With one 
embodiment of the present invention. 

[0037] Like reference numerals refer to corresponding 
parts throughout the several vieWs of the draWings. 

5. DETAILED DESCRIPTION 

[0038] FIG. 1 illustrates a system 10 that is operated in 
accordance With one embodiment of the present invention. 
FIG. 3 illustrate data structures that are useful for storing 
data used in the present invention. FIG. 2 illustrates pro 
cessing steps used to test a plurality of models in accordance 
With one embodiment of the present invention. Using the 
processing steps outlined in FIG. 2, such models are capable 
of determining Whether a specimen has one or more bio 
logical features. These ?gures Will be referenced in this 
section in order to disclose the advantages and features of 
the present invention. Representative biological features are 
disclosed in Section 5 .4, beloW. 

[0039] System 10 comprises at least one computer 20 
(FIG. 1). Computer 20 comprises standard components 
including a central processing unit 22, memory 24 for 
storing program modules and data structures, user input/ 
output device 26, a netWork interface card 28 for coupling 
computer 20 to other computers in system 10 or other 
computers via a communication netWork (not shoWn), and 
one or more busses 33 that interconnect these components. 
User input/output device 26 comprises one or more user 
input/output components such as a mouse 36, display 38, 
and keyboard 34. Computer 20 further comprises a disk 32 
controlled by disk controller 30. Together, memory 24 and 
disk 32 store program modules and data structures that are 
used in the present invention. 

[0040] Memory 24 comprises a number of modules and 
data structures that are used in accordance With the present 
invention. It Will be appreciated that, at any one time during 
operation of the system, a portion of the modules and/or data 
structures stored in memory 24 is stored in random access 
memory While another portion of the modules and/or data 
structures is stored in non-volatile storage 32. In a typical 
embodiment, memory 24 comprises an operating system 50. 
Operating system 50 comprises procedures for handling 
various basic system services and for performing hardWare 
dependent tasks. Memory 24 further comprises a ?le system 
(not shoWn) for ?le management. In some embodiments, this 
?le system is a component of operating system 50. 
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[0041] NoW that an overvieW of an exemplary computer 
system in accordance With the present invention has been 
detailed, an overvieW of exemplary data structures used in 
accordance With one embodiment of the present invention is 
presented beloW in Section 5.1. Then, in Section 5.2, 
detailed processing steps for testing a plurality of models 
using such exemplary data structures are described. In 
Section 5.3, examples of the results provides by the present 
invention are provided. 

5.1. Exemplary Data Structures 

[0042] Exemplary data structures used in one embodiment 
of the present invention are illustrated in FIG. 1. A model 
testing application 52 uses runtime database 120. Runtime 
database 120 is modeled such that it includes a runtime 
analysis schema 300 and a runtime model schema 200. 
These schemas describe the organiZation of a number of 
different types of tables in runtime database 120. In pre 
ferred embodiments, database 120 is any form of data 
storage apparatus, including but not limited to a ?at ?le, a 
relational database (SQL), and an OLAP database (MDX 
and/or variants thereof). In some speci?c embodiments, 
database 120 is a hierarchical OLAP cube. In some speci?c 
embodiments, database 120 comprises a star schema that is 
not stored as a cube but has dimension tables that de?ne 
hierarchy. Still further, in some embodiments, database 120 
has hierarchy that is not explicitly broken out in the under 
lying database or database schema (e.g., dimension tables 
are not hierarchically arranged). In some embodiments, 
database 120 is a database in a format such as Oracle, MS 
Access 95/97/2000 or better, Informix, Sybase, Interbase, 
IBM DB2, Paradox, dBase, SQL Anywhere, Ingres, 
MsSQL, MS SQL server, ANSI Level 2, or PostgreSQL. In 
some embodiments, runtime database 120 includes a runt 
ime model schema 200 and a runtime analysis schema 300. 

[0043] A fundamental table type speci?ed by runtime 
model schema 200 is a model 202. The goal of a model 202 
is to attempt to determine the likelihood that a biological 
specimen (e.g., a tumor) has a biological feature (e. g., breast 
cancer, lung cancer, etc.). As such, each model 202 is 
associated With a biological feature. As used herein, bio 
logical features are any distinguishable phenotype exhibited 
by one or more biological specimens. For example, in one 
application of the present invention, each biological feature 
refers to an origin or primary tumor type. It has been 
estimated that approximately four percent of all patients 
diagnosed With cancer have metastatic tumors for Which the 
origin of the primary tumor has not been determined. See, 
for example, Hillen, 200, Postgrad. Med. J. 76, p. 690. On 
occasion, the primary site for a metastatic tumor is not 
clearly apparent even after pathological analysis. Thus, 
predicting the primary tumor site of origin for some of these 
cancers represent an important clinical objective. In the case 
of tumor of unknoWn primary origin, representative biologi 
cal sample classes include carcinomas of the prostate, breast, 
colorectum, lung (adenocarcinoma and squamous cell car 
cinoma), liver, gastroesophagus, pancreas, ovary, kidney, 
and bladder/ureter, Which collectively account for approxi 
mately seventy percent of all cancer-related deaths in the 
United States. See, for example, Greenlee et al., 2001, CA 
Cancer J. Clin. 51, p. 15. Section 5.4, beloW, describes 
additional examples of biological sample classes in accor 
dance With the present invention. 
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[0044] To illustrate hoW a model 202 can be used to 
determine the likelihood of Whether a biological specimen is 
a member of a biological sample class, consider the case in 
Which a particular model 202 represents the likelihood that 
a biological sample has lung cancer. Further hypothesiZe 
that this lung cancer model is applied to a biological 
specimen and the result of the test indicates that there is a 
high likelihood that the biological specimen has lung cancer. 
In some embodiments, each respective model 202 in runtime 
database 120 includes a model identi?er 110 that uniquely 
identi?es the respective model. In addition, each model 202 
speci?es one or more calculations 204 (also termed tests). In 
some embodiments, a model 202 speci?es betWeen tWo and 
one thousand calculations. In more preferred embodiments, 
each model 202 speci?es betWeen three calculations and ?ve 
hundred calculations, betWeen three calculations and one 
hundred calculations, or betWeen three calculations and ?fty 
calculations. 

[0045] Each calculation 204 in a model 202 speci?es the 
identity of certain cellular constituents. For example, in one 
instance, each respective calculation 204 speci?es a ?rst 
cellular constituent and a second cellular constituent. To 
illustrate, consider the case in Which there are four calcula 
tions 204 in a model 202 as described in Table 1: 

TABLE 1 

Exemplary calculations 204 

Calculation First cellular Second cellular 
number constituent constituent 

1 Gene AAA Gene DDD 
2 Gene CCC Gene DDD 
3 Gene NNN Gene MMM 
4 Gene XXX Gene YYY 

[0046] Thus, calculation 1 speci?es a ?rst cellular con 
stituent AAA and a second cellular constituent DDD, and so 
forth. 

[0047] In addition to specifying calculations 204, each 
model 202 speci?es a calculation algorithm 212 that is to be 
used to apply each calculation 204 in the model. A calcu 
lation algorithm 212 speci?es the operational relationship 
betWeen cellular constituent abundance values When a cal 
culation 204 in a model 202 is computed. The cellular 
constituent abundance values are taken from a biological 
specimen that is to be classi?ed by a model 202. 

[0048] One instance of a calculation algorithm 212 is a 
ratio, Where the ratio numerator is determined by an abun 
dance of a ?rst cellular constituent in a biological specimen 
and the ratio denominator is determined by an abundance of 
a second cellular constituent in the biological specimen. In 
this instance, the calculation algorithm 212 speci?es that a 
ratio betWeen the tWo cellular constituent abundance values 
is to be taken Whereas the calculation 204 speci?es the actual 
identity of the cellular constituents in the test biological 
specimen that are to be used When computing the calculation 
204 in accordance With the calculation algorithm 212. For 
example, one calculation algorithm 212 speci?es to take the 
ratio of an abundance of a ?rst cellular constituent, as the 
numerator, to the abundance of a second cellular constituent, 
as the denominator. This calculation algorithm 212 is used in 
each calculation 204 in an exemplary model 202. In the case 
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of calculation number 1 of Table 1, an exemplary calculation 
algorithm 212 speci?es to take the ratio betWeen gene AAA 
and gene DDD, in the case of calculation number 2, the 
calculation algorithm 212 speci?es to take the ratio betWeen 
gene CCC and gene DDD, and so forth. 

[0049] The present invention encompasses a Wide range of 
calculation algorithms 212 in addition to ratios betWeen a 
?rst cellular constituent and a second cellular constituent. 
For example, in some embodiments, a calculation algorithm 
212 can specify that the abundance value for a ?rst cellular 
constituent be multiplied by the abundance value for a 
second cellular constituent (A><B). In fact, calculation algo 
rithm 212 can specify that the product of the abundance 
values of the ?rst tWo cellular constituents be multiplied by 
the abundance value of a third cellular constituent (A><B><C). 
Alternatively, calculation algorithm 212 can specify that the 
product of the abundance values of the ?rst tWo cellular 
constituents be divided by the abundance value of a third 
cellular constituent [(A><B)/C)]. As these examples illus 
trate, a calculation algorithm is any mathematical operation, 
or set of mathematical operations (e.g., multiplication, divi 
sion, logarithm, etc.) of any combination of cellular con 
stituents. A calculation algorithm 212 does not indicate the 
actual identity of the cellular constituents that are to be used 
to compute any given calculation 204. Acalculation 204, on 
the other hand, speci?es a set of cellular constituents but 
does not indicate the operational relationship betWeen the 
cellular constituents that is used to compute the calculation 
204. By applying a calculation algorithm 212 to a calcula 
tion 204, the calculation 204 can be computed in accordance 
With the methods of the present invention. 

[0050] In some embodiments, each respective calculation 
204 includes a model identi?er 110 that speci?es the model 
202 to Which the calculation belongs. Further, each calcu 
lation includes thresholds 114. For example, in some 
embodiments, each calculation 204 includes a loWer thresh 
old and an upper threshold. In such embodiments, each 
calculation 204 in a model 202 is computed by applying the 
calculation algorithm 212 for the model 202 to the calcula 
tions as described above. When the computed calculation 
204 is beloW the loWer threshold the calculation is charac 
teriZed as negative. When the computed calculation 204 is 
above the upper threshold the calculation is characteriZed as 
positive. When the computed calculation 204 is betWeen the 
loWer threshold and the upper threshold, the calculation is 
characteriZed as indeterminate. For more information on 

hoW such thresholds can be computed, as Well as more 
detailed examples of models and their uses in accordance 
With the present invention, see copending US. Patent Appli 
cation Ser. No. 60/507,381 entitled “Systems and Methods 
for AnalyZing Gene Expression Data For Clinical Diagnos 
tics” to Anderson, as Well as US. patent application Ser. No. 

to be determined, entitled “Systems and Methods for 
AnalyZing Gene Expression Data for Clinical Diagnostics,” 
to Moraleda and Anderson, ?led Jun. 4, 2004. 

[0051] To illustrate a calculation (test) Where upper and 
loWer thresholds are used, consider the case of calculation 1 
from Table 1, Where the abundance of gene AAA 
is 1000 and the abundance of DDD ([DDD]) is 100 in a 
biological specimen. Further, calculation 1 speci?es a loWer 
threshold of 0.8 and an upper threshold is 5. The calculation 
algorithm 212 for the model 202 that includes calculation 1 
indicates that a ratio betWeen the ?rst gene and second gene 
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is to be taken. When this calculation algorithm 212 is applied 
to calculation 204, the computed calculation, ratio [AAA]/ 
[DDD], has the value 10 (1000/100). Because the ratio is 
greater than the upper ratio threshold, the calculation 204 is 
characterized as “positive.” 

[0052] In another example, has a value of 70 in a 
biological specimen and [DDD] has a value of 100 in the 
biological specimen. Further, calculation 1 speci?es a loWer 
threshold of 0.8 and an upper threshold of 5. In such an 
instance, the ratio [AAA]/[DDD] has the value 0.7 (70/100). 
Because the ratio is less than the loWer threshold, the 
calculation is characteriZed as “negative.” 

[0053] In still another example, has a value of 120 
in a biological specimen and [DDD] has a value of 100 in the 
biological specimen. Further, calculation 1 speci?es a loWer 
threshold of 0.8 and an upper threshold of 5. In such an 

instance, the ratio [AAA]/[DDD] has the value 1.2 (120/ 
100). Because the ratio is greater than the loWer threshold 
but less than the upper threshold, the calculation is charac 
teriZed as “indeterminate.” 

[0054] In addition to a calculation algorithm 212, each 
model 202 includes an aggregation algorithm 214 that 
speci?es hoW the calculations 204 for a given model 202 are 
to be combined in order to characteriZe (compute) the 
model. One example of an aggregation algorithm 214 is a 
voting scheme Where the model 202 is characteriZed as 
having a high probability or likelihood if more of the 
calculations in the model are positive, When computed, then 
are negative. For example, consider the case in Which a 
calculation algorithm 212 is applied to the calculations of 
Table 1, above, and that calculations 1 and 2 are positive, 
calculation 3 is indeterminate, and calculation 4 is negative. 
When this is the result, an organism that is tested using the 
model that consists of the calculations in Table 1 Will be 
characteriZed as having a likelihood of having the biological 
feature associated With the model. 

[0055] Each model 202 optionally includes model precon 
ditions 116. A model precondition 116 speci?es a require 
ment that is to be satis?ed before a calculation algorithm 212 
is applied to the calculations 204 of the model. An example 
of a model precondition 116 is the requirement that the 
calculations 204 of another predetermined model 202 be 
computed before the calculations 204 of the model 202 
associated With the precondition 116 are computed. For 
example, consider the case in Which there is a model 202 for 
lung cancer and another model 202 for lung adenocarci 
noma. The model for lung cancer is used to determine 
Whether a particular tumor is positive for lung cancer. In this 
case, the model 202 for lung adenocarcinoma can have a 
precondition 116 that requires that the model for lung cancer 
be run before the model for lung adenocarcinoma is run. The 
precondition 116 can further require that the model for lung 
cancer test positive before the model for lung adenocarci 
noma is run. 

[0056] In addition to the model 202 table type, runtime 
model schema 200 speci?es other tables in a hierarchical 
manner. At the top of this hierarchy are procedure types 220. 
Each procedure type 220 speci?es a calculation algorithm 
212 and an aggregation algorithm 214. Furthermore, each 
procedure type 220 optionally includes a procedure identi 
?er 221. 

[0057] One or more models 202 can be associated With a 
procedure type 220. When a model 202 is associated With a 
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procedure type 220, the model uses the calculation algo 
rithm 212 and aggregation algorithm 214 speci?ed by the 
procedure type 220. In one example, a model 202 includes 
the procedure identi?er 221 of a procedure 220 that is to be 
used by the model. In such an example, the model 202 need 
not include explicit information about the calculation algo 
rithm 212 and the aggregation algorithm 214 to be used by 
the model because such information can be obtained from 
the procedure 220 designated by the procedure identi?er 
?eld 221 in the model 202. 

[0058] As illustrated in FIG. 1 and discussed above, each 
model 202 includes one or more calculations 204. In fact, in 
some embodiments, each calculation 204 is stored in another 
form of table that is found in runtime model schema 200. 
Each calculation 204 speci?es one or more cellular constitu 
ent abundance values (not shoWn). In addition, each calcu 
lation 204 can optionally include a model identi?er 110 that 
identi?es the model 202 to Which the calculation 204 is 
associated. For example, the model identi?er 110 can indi 
cate that the calculation 204-1 is associated With model 
202-1. Further, each calculation 204 can have a calculation 
identi?er 112 and thresholds 114. In the case Where each 
calculation 204 includes a model identi?er 110, models 202 
of runtime database 120 need not explicitly describe the 
calculations 204 that are part of such models. If the calcu 
lations 204 for a given model 202 are desired, they can be 
identi?ed by searching through the calculations 204 in 
runtime database 120 for calculations that have a model 
identi?er 110 that matches the given model. 

[0059] As illustrated in FIG. 1 and discussed above, each 
model 202 includes one or more model preconditions 224. 
In fact, each model precondition 224 is another form of data 
structure that is found in runtime model schema 200. Each 
precondition 224 speci?es a precondition 116 that is satis?ed 
before the model associated With the precondition is run. In 
addition, each model precondition 224 can optionally 
include a model identi?er 110 that identi?es the model 202 
to Which the precondition is associated. For example, a 
model identi?er 110 can indicate that a precondition 224-1 
is associated With a model 202-1. In the case Where each 
precondition 224 includes a model identi?er 110, models 
202 of runtime database 120 need not explicitly describe the 
preconditions 224 that are part of such models. In such 
instances, to determine Which preconditions 224 apply to a 
given model 202, a search through the preconditions in 
runtime database 120 for preconditions that have a model 
identi?er 110 that matches the given model is made. 

5.2. Exemplary Processing Steps 

[0060] Exemplary data structures in accordance With one 
embodiment of the present invention Were introduced in 
Section 5.1. This section describes hoW such novel data 
structures can be used to test a plurality of models 202. In 
Section 5.3, results of such calculations Will be described. 

[0061] Step 402. 

[0062] In step 402 cellular constituent characteristic data 
is obtained. Typically, the cellular constituent characteristic 
data is in the form of a cellular constituent abundance data 
?le that is submitted by a clinician at a remote site. In some 
instances, When the data ?le is submitted, computer 20 
receives the ?le via netWork interface card 28. In typical 



US 2005/0071087 A1 

embodiments a remote computer transmits the data to com 
puter 20 over a Wide area network such as the 
Internet. 

[0063] The cellular constituent characteristic data ?le typi 
cally includes aspects (also termed characteristics) of the 
biological state of each cellular constituent in a plurality of 
cellular constituents. For instance, in some embodiments, 
the cellular constituent characteristic ?le comprises abun 
dance data for several cellular constituents in a given 
biological specimen or organism. The cellular constituent 
abundance data ?le can include data for more than one 
hundred cellular constituents in a given biological specimen. 
In fact, the cellular constituent abundance data ?le can 
include data for more than 500, more than 1000, more than 
10,000, or more than 15,000 cellular constituents in a given 
biological specimen. In some embodiments, a cellular con 
stituent abundance data ?le includes data for multiple bio 
logical specimens. In such embodiments, the data ?le clearly 
indicates Which biological specimen is associated With each 
cellular constituent abundance level that is in the ?le. 

[0064] In some embodiments, the cellular constituent 
characteristic data ?le is in a format designed for Affymetrix 
(Santa Clara, Calif.) GeneChip probe arrays (e.g. Affymetrix 
chip ?les With a CHP extension that are generated using 
Affymetrix MAS4.0 softWare and U95A or U133 gene 
chips), a format designed for Agilent (Palo Alto, Calif.) 
DNA microarrays, a format designed for Amersham (Little 
Chalfont, England) CodeLink microarrays, the ArrayVision 
?le format by Imaging Research (St. Catharines, Canada), 
the Axon (Union City, Calif.) GenePix ?le format, the 
BioDiscovery (Marina del Rey, Calif.) ImaGene ?le format, 
the Rosetta (Kirkland, Wash.) gene expression markup lan 
guage (GEML) ?le format, a format designed for Incyte 
(Palo Alto, Calif.) GEM microarrays, or a format developed 
for Molecular Dynamics (Sunnyvale, Calif.) cDNA microar 
rays. 

[0065] In some embodiments, the cellular constituent 
characteristic ?le comprises a processed microarray image 
for a biological specimen. For example, in one such embodi 
ment, the ?le comprises cellular constituent abundance 
information for each cellular constituent represented on the 
array, optional background signal information, and optional 
associated annotation information describing the probe used 
for the respective cellular constituent. In some embodi 
ments, cellular constituent abundance measurements are 
transcriptional state measurements as described in Section 
5.5, beloW. 

[0066] In some embodiments of the present invention, 
aspects (characteristics) of the biological state, other than the 
transcriptional state, such as the translational state, the 
activity state, or mixed aspects of the biological state, are 
represented in a cellular constituent characteristic ?le. See, 
for example, Section 5.6, beloW. For instance, in some 
embodiments, the cellular constituent characteristic ?le 
includes protein levels for various proteins in a biological 
specimen under study. In some speci?c embodiments, the 
cellular constituent characteristic ?le comprises amounts or 
concentrations of cellular constituents in tissues of a bio 
logical specimen under study, cellular constituent activity 
levels in one or more tissues of the biological specimen, or 
the state of modi?cation (e.g., phosphorylation) of one or 
more cellular constituents of the biological specimen. 
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[0067] In one aspect of the present invention, the expres 
sion level of a gene in a biological specimen is determined 
by measuring an amount of at least one cellular constituent 
that corresponds to the gene in one or more cells of a 
biological specimen under study. In one embodiment, the 
amount of at least one cellular constituent that is measured 
comprises abundances of at least one RNA species present 
in one or more cells of the biological specimen. Such 
abundances can be measured by a method comprising con 
tacting a gene transcript array With RNA from one or more 
cells of the organism, or With cDNA derived therefrom. A 
gene transcript array comprises a surface With attached 
nucleic acids or nucleic acid mimics. The nucleic acids or 
nucleic acid mimics are capable of hybridiZing With the 
RNA species or With cDNA derived from the RNA species. 
In one particular embodiment, the abundance of the RNA is 
measured by contacting a gene transcript array With the 
RNA from one or more cells of an organism under study, or 
With nucleic acid derived from the RNA, such that the gene 
transcript array comprises a positionally addressable surface 
With attached nucleic acids or nucleic acid mimics, Wherein 
the nucleic acids or nucleic acid mimics are capable of 
hybridiZing With the RNA species, or With nucleic acid 
derived from the RNA species. 

[0068] In some embodiments, the cellular constituent 
characteristic ?le comprises gene expression data for a 
plurality of genes (or cellular constituents that correspond to 
the plurality of genes). In one embodiment, the plurality of 
genes comprises at least ?ve genes. In another embodiment, 
the plurality of genes comprises at least one hundred genes, 
at least one thousand genes, at least tWenty thousand genes, 
or more than thirty thousand genes. In some embodiments, 
the plurality of genes comprises betWeen ?ve thousand and 
tWenty thousand genes. 

[0069] In some implementations of step 402, the abun 
dance data is preprocessed. In some embodiments, this 
preprocessing involves a standardiZation in Which all the 
cellular constituent characteristic values for a given biologi 
cal specimen are divided by the median cellular constituent 
abundance value measured for the biological specimen. In 
some embodiments, all the cellular constituent abundance 
values for a given biological specimen or organism are 
divided by an average of the 25th and 75th percentile of the 
cellular constituent abundance values measured for the 
biological specimen. 

[0070] In the case Where the source of the cellular con 
stituent abundance measurements is a microarray, negative 
cellular constituent abundance values can be obtained When 
a mismatched probe measure is greater than a perfect match 
probe. This typically occurs When the primary gene (repre 
senting a cellular constituent) is expressed at loW levels. In 
some representative cases, on the order of thirty percent of 
the abundance values in a given cellular constituent abun 
dance ?le are negative. In some instances of the preprocess 
ing of the present invention, all cellular constituent abun 
dance values With a value of Zero or less are replaced With 
a ?xed value. In the case Where the source of the cellular 
constituent abundance measurements is an Affymetrix 
GeneChip MAS 5.0, negative cellular constituent abundance 
values can be replaced With a ?xed value, such as 20 or 100, 
in some embodiments. More generally, in some embodi 
ments, all cellular constituent abundance values With a value 
of Zero or less are replaced With a ?xed value that is betWeen 
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0.001 and 0.5 (e.g., 0.1 or 0.01) of the median cellular 
constituent abundance value for a given biological speci 
men. In some embodiments, all cellular constituent abun 
dance values are replaced With a transformation of the value 
that varies betWeen the median and Zero inversely in pro 
portion to the absolute value of the cellular constituent 
abundance value that is being replaced. In some embodi 
ments, all cellular constituent abundance values With a value 
less than Zero are replaced With a value that is determined 
based on a function of the magnitude of their initial negative 
value. In some instances, this function is a sigmoidal func 
tion. 

[0071] In some embodiments, step 402 is facilitated by a 
Web page that is either on computer 20 or that is addressable 
by computer 20. The Web page alloWs a remote user to select 
Which models are to be run and facilitates the transfer of the 
cellular constituent data ?le from the remote site to com 
puter 20. In some embodiments, the Web page alloWs for the 
transfer of any of the folloWing information: 

[0072] an address of the lab requesting computation 
of one or models; 

[0073] an identity of the one or models (suites) that 
should be run using the cellular constituent charac 
teristic data ?le; 

[0074] a unique specimen identi?er that identi?es the 
specimen submitted; 

[0075] an identi?er that identi?es the microarray for 
mat used to measure cellular constituent character 
istic data; 

[0076] an identi?er that identi?es the patient repre 
sented by the cellular constituent characteristic data 
?le; 

[0077] a description of the biological specimen from 
Which cellular constituent characteristic data Was 
obtained for the cellular constituent characteristic 
?le; and/or 

[0078] an identity of a physician or other health care 
professional that ordered the models to be run on the 
biological specimen. 

[0079] In some embodiments, rather than, or in addition 
to, using a Web-page based interface, a softWare module (not 
shoWn) is run on the remote originating computer. The 
softWare module alloWs the remote clinician to upload the 
requisite data to computer 20 using ?le transfer protocol, 
internet protocol, or other types of ?le sharing techniques. In 
some embodiments, all communication betWeen computer 
20 in step 402 (and in step 424) is encrypted using encryp 
tion algorithms knoWn in the art such as secret key cryp 
tography, hashes, message digests, and/or public key algo 
rithms. Such techniques are enclosed in, for eXample, 
Kaufman, Network Security, 1995, Prentice-Hall, NeW Jer 
sey; and Schneier, Applied Cryptography: Protocols, Algo 
rithms, and Source Code in C, Second Edition, John-Wiley 
& Sons, Inc., each of Which is hereby incorporated by 
reference in its entirety. 

[0080] Steps 404 and 406. 

[0081] In step 404 a determination is made as to Which 
models 202 should be run (computed). For eXample, in some 
cases, models 202 in runtime database 120 are divided into 
suites of models. In one eXample, there is a suite of models 
to test for cancer of unknoWn primary, another suite of 
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models speci?cally designed to test for lung cancer, and so 
forth. Each suite of models 202 includes one or more 
models. Thus, in some instances, step 404 involves deter 
mining Which suite of models 202 Was requested by a user. 
In step 406, a model from the set of models selected in step 
404 is selected. 

[0082] Step 40s. 

[0083] Step 408 is optional. In some embodiments, step 
408 is not run and all the models speci?ed by the remote user 
in step 402 (e.g., all models in a selected suite) are run. In 
optional step 408, a determination is made as to Whether the 
model preconditions 116 have been satis?ed for the model 
202 selected in step 406. For example, in some embodi 
ments, a model precondition 116 can specify that a model 
202 that is indicative of a broader biological sample class 
(e.g., a more general phenotype) than the model selected in 
the last instance of step 406 must be run before a certain 
model 202, indicative of a narroWer biological sample class, 
is run. To illustrate, a model precondition 116 of a ?rst model 
202 that is indicative of a particular form of lung cancer 
could require that a second model 202, that is indicative of 
lung cancer generally, test positive prior to running the ?rst 
model. Further, the second model 202 could have a model 
precondition 116 that requires that a third model, Which is 
indicative of cancer, test positive prior to running the second 
model. In some embodiments, a model precondition 116 
comprises a requirement that another model in a plurality of 
models be identi?ed as negative, positive, or indeterminate 
prior to testing the selected model. A feW additional 
examples of hoW preconditions 116 can be used to arrange 
models 202 into hierarchies folloW. 

[0084] In a ?rst eXample, the preconditions of model B 
require that model A have a speci?c result before model B 
is run. It may Well be the case that model A is run, yet fails 
to yield the speci?c result required by model B. In this case, 
model B is never run. If, hoWever, model A is run and yields 
the speci?c result required by model B, then model B is run. 
This eXample can be denoted as: 

[0085] 
[0086] In a second eXample, the preconditions 116 of 
model C require that either model A has a speci?c result or 
that model B has a speci?c result prior to running model C. 
This eXample can be denoted as: 

[0087] if ((A=?rst result) or (B=second result)), then 
C can be run. 

if (A=result), then B can be run. 

[0088] To illustrate, a model C can require that model Abe 
run and test positive for cancer or that model B be run and 
test positive for lung cancer, before model C is run. Alter 
natively, the preconditions 116 of model C could require that 
both model A and model B achieve speci?c results: 

[0089] if ((A=?rst result) and (B=second result)), 
then C can be run. 

[0090] In a another eXample, the preconditions 116 of 
model D require that model C has a speci?c result before 
model D is run. The preconditions 116 of model C, in turn, 
require that model A has a ?rst result and that model B has 
a second result before model C is run. This eXample can be 
denoted as: 

[0091] If ((A=?rst result) and (B=second result)), 
then C can be run 

[0092] If (C=third result), then D can be run. 
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[0093] These examples illustrate the advantages that 
model preconditions 116 provide. Because of the novel 
preconditions 116 of the present invention, models 202 can 
be arranged into hierarchies in Which speci?c models 202 
are run before other models 202 are run. Often, the models 
202 run ?rst are designed to classify a biological specimen 
into a broad biological sample class (e.g., broad phenotype). 
Once the biological sample has been broadly classi?ed, 
subsequent models 202 are run to re?ne the preliminary 
classi?cation into a narroWer biological sample class (e.g., a 
more speci?c biological sample class). 

[0094] When the model preconditions 116 for a model 202 
selected in step 406 have been satis?ed (408-Yes), process 
control passes to step 410. When the model preconditions 
116 for the model 202 have not been satis?ed (408-No), 
process control passes back to step 406 Where another model 
202 from the set models identi?ed in step 404 is selected. 

[0095] Step 410. 

[0096] A calculation 204 in the model is selected in step 
410. A calculation 204 identi?es tWo or more cellular 
constituents Whose characteristics (aspects of the biological 
state of the cellular constituent) are to be tested in the 
biological specimen under study. For example, a calculation 
204 can specify cellular constituent abundance values for 
genes AAA and BBB. In some embodiments, a calculation 
speci?es at least one cellular constituent that is up-regulated 
or doWn-regulated in specimens that have the biological 
feature represented by the model 202 selected in the last 
instance of step 406 relative to biological specimens that do 
not have the biological feature represented by model 202 
and/or have a different biological feature. 

[0097] Cellular constituents that are up-regulated or 
doWn-regulated in specimens having certain biological fea 
tures relative to specimens having other biological features 
can be obtained through routine experimentation or in 
published references. For eXample, Su et al. 2001, Cancer 
Research 61, p. 7388 provides the names of genes that are 
both up-regulated in speci?c primary tumor types and (ii) 
predictive of such tumor types. Su et al. identi?ed the 
expression of the cellular constituents listed in Table 2 With 
prostate tumors. 

TABLE 2 

Su et al. Cellular constituents that are 
up-regulated in prostate tumors. 

Accession 
Number Name Name Description 

calcium/calmodulin-dependent 
protein 
kinase I 
KIAAO293 protein 
kallikrein 3, (prostate 
speci?c antigen) 
kallikrein 2, prostatic 
T cell receptor gamma locus 
transcription factor similar to D. 
melanogaster homeodomain 
protein 
lady bird late 
CGI-82 protein 
acid phosphatase, prostate 
kallikrein 2, prostatic 
AntigenITIGR == 
HG2261-HI‘2352 
siX transmembrane epithelial 
antigen of the prostate 

1 NMiOO365 6 CAMK1 
2 Hs.12784 KIAAO293 
3 NMiOO1648 KLK3 

4 NMiOO5551 KLKZ 
5 None TRG@ 

6 NMiOO6562 LBX1 
7 NMiO16026 LOC51109 
8 NMiOO1099 ACPP 
9 NMiOO5551 KLKZ 
0 None none 

11 NMiO12449 STEAP 
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TABLE 2-continued 

Su et al. Cellular constituents that are 

up-regulated in prostate tumors. 

Accession 
Number Name Name Description 

12 NMiOO1099 ACPP 
13 NMiOO4522 KIFSC 
14 None none 

acid phosphatase, prostate 
kinesin family member 5C 
AntigenITIGR == 
HG2261-HT235 1 
S-adenosylmethionine 
decarboXylase 1 
S-adenosylmethionine 
decarboXylase 1 
AntigenITIGR == 
HG2261-HT235 1 
LIM protein (similar to rat protein 
kinase C-binding enigma) 
Kallikrein 3, (prostate speci?c 
antigen) 

15 NMiOO1634 AMD1 

16 NMiOO1634 AMD1 

17 None none 

18 NMiOO6457 LIM 

19 NMiOOl 648 KLK3 

[0098] In some embodiments, a cellular constituent is 
deemed to be up-regulated in specimens having a biological 
feature When the abundance of the cellular constituent in 
biological specimens having the biological feature is greater 
than the abundance of at least siXty percent, at least seventy 
percent, at least eighty percent or at least ninety percent of 
the cellular constituents in biological specimens having the 
biological feature for Which a plurality of cellular constitu 
ent abundance measurements have been made. In some 
embodiments, a cellular constituent is deemed to be up 
regulated in specimens having a biological feature relative to 
biological specimens that do not have the biological feature 
When the abundance of the cellular constituent in biological 
specimens having the biological feature is, on average, 
higher than the abundance of the cellular constituent in 
biological specimens that do not have the biological feature. 
In some embodiments, a cellular constituent is deemed to be 
doWn-regulated in specimens having a biological feature 
When the abundance of the cellular constituent in biological 
specimens having the biological feature is less than the 
abundance of at least forty percent, at least thirty percent, at 
least tWenty percent, or at least ten percent of the cellular 
constituents in biological specimens having the biological 
feature for Which a plurality of cellular constituent abun 
dance measurements have been made. In some embodi 
ments, a cellular constituent is deemed to be doWn-regulated 
in biological samples or organisms relative to biological 
samples or organisms that do not have the biological feature 
When the abundance of the cellular constituent in biological 
specimens that have the biological feature is, on average, 
less than the abundance of the cellular constituent in bio 
logical specimens that do not have the biological feature. 

[0099] In some embodiments, the cellular constituents 
speci?ed in a calculation 204 are each a nucleic acid or a 
ribonucleic acid and the abundance of these cellular con 
stituents in a biological specimen is obtained by measuring 
a transcriptional state of all or a portion of the ?rst cellular 
constituent and the second cellular constituent in the bio 
logical specimen. In some embodiments, the cellular con 
stituents speci?ed by a calculation 204 are each indepen 
dently all or a fragment of an mRNA, a cRNA or a cDNA. 
In some embodiments, the cellular constituents speci?ed by 
a calculation 204 are each proteins and the abundance of 
these cellular constituents is obtained by measuring a trans 
lational state of all or a portion of the cellular constituents. 
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In some embodiments, the abundance of the cellular con 
stituents speci?ed by a calculation 204 is determined by 
measuring an activity or a post-translational modi?cation of 
the cellular constituents. 

[0100] Step 412. 

[0101] In step 412, the cellular constituent characteristic 
values speci?ed in the calculation 204 selected in the last 
instance of step 410 are obtained from the cellular constitu 
ent characteristic submitted in step 402. Thus, in the 
example Where calculation 204 speci?es gene AAA and 
gene BBB, the cellular constituent abundance values (or 
some other characteristic speci?ed by the calculation) for 
gene AAA and gene BBB are obtained from the cellular 
constituent abundance ?le. 

[0102] Step 414. 

[0103] In step 414, the calculation 204 selected in the last 
instance of step 410 is computed in accordance With the 
calculation algorithm 212 speci?ed in the model. For 
example, the calculation algorithm can specify to take the 
ratio betWeen the abundance values of the ?rst cellular 
constituent speci?ed in an exemplary calculation 204 and 
the second cellular constituent speci?ed in an exemplary 
calculation 204. Additional examples of computing calcu 
lations 204 in accordance With a calculation algorithm 214 
have been described in Section 5.1, above. These examples 
describe hoW a calculation 204 can be characteriZed after it 
has been computed based on the value of the computed 
calculation relative to threshold values for the calculation. 
For example, if the computed calculation 204 has a value 
that is greater than the true minimum for the calculation, 
then the computed calculation 204 is characteriZed as posi 
tive. 

[0104] Step 416. 

[0105] In step 416, results of the computation of the last 
calculation 204 are stored. In some embodiments, storage 
includes the storage of a model identi?er that identi?es the 
model 202 for Which the calculation 204 Was run, a model 
version identi?er that indicates Which version of the model 
202 Was run, an expression data?le identi?er that identi?es 
the cellular constituent characteristic data ?le that supplied 
the cellular constituent characteristic values used to compute 
the calculation 204, the calculation identi?er 112 (FIG. 1) 
associated With the calculation 204, and the calculation 
result code (e.g., “extremely likely”, “not likely”, etc.). 

[0106] Step 41s. 

[0107] In step 418 a determination is made as to Whether 
all the calculations 204 in the model 202 have been com 
puted in accordance With the calculation algorithm 212 for 
the model. If not (418-No), process control returns to step 
410 Where another calculation (test) 202 is selected from the 
model 202 for computation. If so (418-Yes), netWork control 
passes to step 420. 

[0108] Step 420. 

[0109] In step 420, all calculations (tests) 204 that have 
been made for the model selected in the last instance of step 
406 are aggregated in accordance With the aggregation 
algorithm 214 speci?ed by the model 202. Such aggregation 
results in a model characteriZation for the model. This model 
characteriZation indicates Whether the test organism of the 
species or the test biological specimen from the organism of 
the species is a member of a biological sample class. 
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[0110] In one embodiment, the result code of each roW in 
table 318 With a model identi?er matching the model 
identi?er for the model 202 selected in the last instance of 
step 406 is collected. For example, consider the case in 
Which a model 202 includes ?ve calculations 204. Each 
calculation 204 has been computed in an instance of step 414 
and the result is stored. In the case Where threshold values 
are associated With each calculation 204, the result for a 
calculation can be an indication as to Whether the calculation 
is positive, negative, or indeterminate. 

[0111] Consider the case Where a model 202 includes ?ve 
calculations (tests) 204. There Will be ?ve roWs in calcula 
tion results table 318, one for each of the ?ve calculations 
204. Each of these ?ve roWs Will include a result code. In 
this user case scenario, each result code is either positive, 
negative, or indeterminate. Next, the aggregation algorithm 
associated With the model 202 Will specify hoW these ?ve 
result codes are to be combined in order to characteriZe the 
model 202. For instance, the aggregation algorithm can 
specify that the ?ve result codes are to be combined in a 
voting scheme Where the model 202 is considered positive 
(characteriZed as positive) if more of the computed calcu 
lations in the model are positive than are negative. 

[0112] One example of an aggregation algorithm 214 is a 
voting scheme Where the model 202 is characteriZed as 
positive if more of the calculations in the model are positive, 
When computed, than are negative. For example, consider 
the case in Which a calculation algorithm 212 is applied to 
the calculations of Table 1, above, and that calculations 1 
and 2 are positive, calculation 3 is indeterminate, and 
calculation 4 is negative. When this is the result, a model 
that consists of the calculations in Table 1 Will be charac 
teriZed as positive. HoWever, in some embodiments of the 
present invention, a Weighting scheme can be used Where 
each positive calculation in a model is given a different 
Weight than each negative calculation in the model. For 
example, each positive calculation in a model can be given 
a Weight of 3.0 and each negative calculation in a model can 
be given a Weight of 1.0. In this Weighting scheme, a model 
Will be characteriZed as positive even When the model 
consists of one positive calculation and tWo negative calcu 
lations. 

[0113] In preferred embodiments, each characteriZed 
model yields a likelihood that a biological specimen or 
organism has a biological feature represented by the model. 
This likelihood represents a model score for the computed 
model. In other Words, each characteriZed model produces a 
model characteriZation (e.g., model score) that indicates 
Whether a test organism of a species or a test biological 
specimen from the organism of a species is a member of a 
biological sample class. In some embodiments, the higher a 
model score, the more likely it is that the biological speci 
men or organism Whose cellular constituent values Were 
used to compute the model has the biological feature 
represented by the model or (ii) is a member of the biologi 
cal sample class represented by the model. In some embodi 
ments, a model determines Whether it is extremely likely, 
likely, indeterminate, not likely, or very unlikely that a 
biological specimen or organism has the biological feature 
associated With the model or is a member of a biological 
sample class represented by the test. In some embodiments, 
the biological feature represented by a model is sensitivity 
and/or resistance to a therapy combination. In some embodi 
ments, the biological feature represented by a model is 
metastatic potential of a particular disease and/or likelihood 
of recurrence of the disease in a biological organism. In 
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some embodiments, the biological sample class represented 
by a model is a cancer and/or any of the exemplary biologi 
cal features represented in Section 5.4. In embodiments that 
track likelihood of recurrence of the disease, a model may 
score as “sensitive”, “loW risk”, or “high risk”, etc. In 
embodiments that track metastatic potential of a disease, a 
model may score as “malignant”, “inconclusive”, or “non 
malignant”, etc. In embodiments that evaluate aggressive 
ness of a disease, a model may score as “aggressive”, 

“inconclusive”, or “indolent”, etc. 

[0114] Steps 422 and 424. 

[0115] In step 422, a determination is made as to Whether 
all the models in the set of models that are to be run 
(computed) on a given cellular constituent abundance ?le 
have been run. If not (422-No) process control returns to 
step 406 Where another model 202 is selected. If all the 
models have been run, then the results are reported (step 
424). In some embodiments, the results that are reported are 
a characteriZation of each model in a plurality of models. 

[0116] In typical embodiments, the results that are 
reported are a characteriZation of each model 202 in the set 
of models that have been run. Each respective model 202 
that has been run is characteriZed in accordance With the 
respective aggregation algorithm 214 for the model. In 
typical embodiments, results are reported to the remote 
client computer that submitted the original cellular constitu 
ent abundance ?le. Exemplary reports made in step 424 are 
described in Section 5.3. 

5.3. Exemplary Results 

[0117] In some embodiments, the report provided in step 
424 is sent from computer 20 to a remote computer that 
originated the cellular constituent characteristic data ?le in 
step 402 of FIG. 4. In some embodiments, the report has a 
header that provides the folloWing information: 

[0118] an address of the lab requesting computation 
of one or models; 

[0119] 
[0120] a unique specimen identi?er that identi?es the 

specimen submitted; 

[0121] an identi?er that identi?es the microarray for 
mat used to measure cellular constituent character 

istic data; 

[0122] a date the cellular constituent characteristic 
data ?le Was submitted to computer 20 in step 402; 

[0123] 

a unique order identi?er for the request; 

a date the report of step 424 Was generated; 

[0124] an identi?er that identi?es the patient repre 
sented by the cellular constituent characteristic data 
?le; 

[0125] a description of the biological specimen from 
Which cellular constituent characteristic data Was 
obtained for the cellular constituent characteristic 
?le; and/or 

[0126] an identity of a physician or other health care 
professional that ordered the models to be run on the 
biological specimen. 
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[0127] Tables 3 and 4 beloW collectively represent an 
example of a report that is provided for a prostate suite of 
models. Each roW in Tables 3 and 4 represent a different 
model. In Table 3, each reported model has a clinical test 
name that provides an indication of What the model tests, 
one or more references to a research article (or other form of 

clinical test) that provides the scienti?c basis for selection of 
cellular constituents to test the mode, a model result, and a 
clinical description of the model result. Table 3 provides 
models that indicate either the degree of likelihood that 
a patient Will suffer from a recurrence of prostate cancer or 

(ii) the sensitivity of the patient to a particular form of 
treatment. Table 4 differs from Table 3 in that each roW 
(model) of Table 4 represents a con?rmation test that con 
?rms Whether or not a patient has prostate cancer. 

TABLE 3 

Prostate cancer suite/clinical tests. 

CLINICAL 
TESTS REFERENCE RESULT DESCRIPTION 

Androgen- Holzbeierlein- Sensitive Expression signature 
Ablation Gerald2004 inconsistent With 
resistance androgen ablation 

resistance 
Likelihood of LaTulippe- LoW risk Expression signature 
Recurrence GeraldZOOZ consistent With lOW 

risk of recurrence 

Likelihood of Singh-SellersZOOZ LoW risk Expression signature 
Recurrence consistent With loW 

risk of recurrence 

Likelihood of Febbo-Sellers2003 LoW risk Expression signature 
Recurrence consistent With lOW 

risk of recurrence 

Likelihood of Henshall- LoW risk Expression signature 
Recurrence Sutherland2003 consistent With lOW 

risk of recurrence 

Likelihood of Lapointe-Pollack2004 LoW risk Expression signature 
Recurrence consistent With lOW 

risk of recurrence 

[0128] 

TABLE 4 

Prostate cancer suitefcon?rmation tests. 

CONFIRMATION 
TESTS REFERENCE RESULT DESCRIPTION 

Benign vs. Ernst- Malignant Expression signature 
Malignant GroneZOOZ consistent With 

malignant cells 
Benign vs. Welsh- Inconclusive Expression signature 
Malignant HamptonZOOl inconclusive With 

respect to 
malignancy 

Benign vs. Magee- Malignant Expression signature 
Malignant MilbrandtZOOl consistent With 

malignant cells 
Site of Origin: Su- Prostate Expression signature 
Prostate HamptonZOOl consistent With 

primary prostate 
carcinoma. 

[0129] Tables 5 and 6 describe chemosensitivity models 
that are found in another type of report that is sent in step 
424 in another instance of the present invention. 



US 2005/0071087 A1 

TABLE 5 
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Chernosensivity model report. 

CHEMOSENSITIVII'Y 

TESTS REFERENCE RESULT DESCRIPTION 

Vinca alkaloid: PathWork2004 Sensitive Gene expression consistent 

Carnptothecin With carnptothecin sensitivity 
Vinca alkaloid: PathWork2004 Sensitive Gene expression consistent 
Irinotecan With irinotecan sensitivity 
Vinca alkaloid: PathWork2004 Resistant Gene expression consistent 
Vincristine With vincristine resistance 

Vinca alkaloid: PathWork2004 Resistant Gene expression consistent 
Vinblastine With vinblastine resistance 

Taxane: Paclitaxel PathWork2004 Resistant Gene expression consistent 

With paclitaxel resistance 
Taxane: Docetaxel PathWork2004 Sensitive Gene expression consistent 

With docetaxel sensitivity 
Antibiotic: Actinornycin D PathWork2004 Resistant Gene expression consistent 

With actinornycin D resistance 
Antibiotic: Bleornycin PathWork2004 Resistant Gene expression consistent 

With bleornycin resistance 
Antibiotic: Mitornycin C PathWork2004 Resistant Gene expression consistent 

With rnitornycin C resistance 
Anthracycline: PathWork2004 Resistant Gene expression consistent 
Doxorubicin With doxorubicin resistance 

Anthracycline: PathWork2004 Resistant Gene expression consistent 
Daunorubicin With daunorubicin 

resistance 
Antirnetabolite: PathWork2004 Resistant Gene expression consistent 

Methotrexate With rnethotrexate 

resistance 

Antirnetabolite: 5- PathWork2004 Sensitive Gene expression consistent 

fluorouracil With 5-fluorouracil sensitivity 

Antirnetabolite: PathWork2004 Resistant Gene expression consistent 

Cytarabine With cytarabine resistance 
Antirnetabolite: PathWork2004 Sensitive Gene expression consistent 

Gerncitabine With gerncitabine sensitivity 
Antirnetabolite: 6- PathWork2004 Resistant Gene expression consistent 

thioguanine With 6-thioguanine 
resistance 

Antirnetabolite: 6- PathWork2004 Resistant Gene expression consistent 

rnercaptopurine With 6-rnercaptopurine 
resistance 

[0130] 
TABLE 6-continued 

TABLE 6 
Chernosensivity Model. 

Chernosensivity Model. — 

CHEMO- CHEMO 

SENSITIVITY SENSITIVITY 

DNA alkylator: PathWork2004 Sensitive Gene expression consistent 
cisplatin With cisplatin Sensitivity Other: PathWork2004 Resistant Gene expression consistent 
Interferon: PathWork2004 Resistant Gene expression consistent L- With L-asparaginase 
Interferon-0L With interferon-0L resistance asparaginase resistance 
Interferon: PathWork2004 Resistant Gene expression consistent 
Interferon-[5 With interferon-[5 resistance 
Interferon: PathWork2004 Resistant Gene expression consistent 

glf?ifré’llym pathworkm Resistant gitleliif?fiii’il Zilfffiii [0131] Tables 7 and 8 descnbe Colorectal models that are 
With STI 571 resistance found in another type of report that is sent in step 424 in 

another instance of the present invention. 
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TABLE 7 
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Colorectal model report. 

CLINICAL TESTS REFERENCE RESULT DESCRIPTION 

Chemosensitivity: SFU Takeshi- Resistant Expression signature 
Fukushima2001 consistent With SFU resistant 

cancers 

Chemosensitivity: Farrugia- Sensitive Expression signature 
SFU/RTX Jackman2003 consistent With SFU/RTX 

sensitive cancers 

Chemosensitivity: Mariadason- Sensitive Expression signature 
SFU/CPT Augenlicht2003 consistent With SFU/CPT 

sensitive cancers 

Chemosensitivity: Huerta- Inconclusive Expression signature 
cisplatin Heber2003 inconclusive With respect to 

cisplatin sensitivity 
Metastatic Potential Li- LoW risk Expression signature 

FurukaWa2004 consistent With lOW risk for 
metastasis 

Metastatic Potential Hedge- LoW risk Expression signature 
QuakenbushZOOl consistent With lOW risk for 

metastasis 

[0132] 

TABLE 8 

Colorectal model report. 

CONFIRMATION 
TESTS REFERENCE RESULT DESCRIPTION 

Benign vs. Malignant Yamamoto- Malignant Expression signature consistent 
Imai2002 With malignancy 

Benign vs. Malignant Zou- Inconclusive Expression signature 
MeltZer2002 inconclusive With respect to 

malignancy 
Adenoma vs. Lin- Carcinoma Expression signature consistent 
Carcinoma Nakamura2002 With carcinoma 
Adenoma vs. Notterman- Carcinoma Expression signature consistent 
Carcinoma Levine2001 With carcinoma 
Site of Origin: Su- Colorectal Expression signature consistent 
Colorectal Hampton2001 With primary colorectal 

carcinoma. 

[0133] Table 9 describes a site of origin suite of models 
that is found in another type of report that is sent in step 424 
in another embodiment of the present invention. 

TAB LE 9 

5.4. Exemplary Biological Features 

[0134] The present invention can be used to develop 
models that determine Whether a biological specimen has 
any of a plurality of biological features. In other Words, the 
present invention can be used to develop models that indi 

Site of origin report. cate Whether a test organism of a species or a test biological 
specimen from an organism of a species is a member of a 

PREDICTIVE biological sample class. Abroad array of biological features 
PATHWORK w (e.g. biological sample classes) is contemplated. In one 

SITE OF ORIGIN INDEX LOW HIGH example, tWo respective biological features are a Wild 
type state and (ii) a diseased state. In another example tWo 

icilorectum : respective biological features are a ?rst diseased state and 
stor?ach _42 . a second diseased state. In still another example, tWo respec 
Liver -42 o tive biological features are (1) a drug respondent state and (11) 
Kidney -88 ‘ a drug nonrespondent state. In such instances, a ?rst model 
Breast ‘88 . 202 tests for the absence or presence of the ?rst biological 
35235,“ :2: : sample feature and a second model 202 tests for the absence 
Pancreas _100 . or presence of the 'second biological feature. The 'present 
Prostate -100 Q invention is not limited to instances Where a sample is tested 

for the absence or presence of only tWo biological features. 
Indeed any number of biological features (e.g., one biologi 
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cal feature, tWo or more biological features, betWeen three 
and ten biological features, betWeen ?ve and tWenty bio 
logical features, more than tWenty-?ve biological features, 
etc.) can be tested using the methods, computers, and 
computer program products of the present invention. In such 
instances, a different model 202 is typically used to test for 
the presence or absence of each such biological feature (e.g., 
to determine Whether the specimen is a member of biologi 
cal sample class characteriZed by the presence of the feature 
or is, alternatively, a member of a biological sample class 
characteriZed by the absence of the feature). In some 
embodiments, multiple models test for the absence or pres 
ence of the same biological features. In other Words, mul 
tiple models test to determine Whether a biological sample is 
a member of a particular biological sample class. This 
section describes exemplary biological features. Organisms 
a given biological feature can be considered members of a 
corresponding biological sample class. 

5.4.1 Breast Cancer 

[0135] PusZtai et al. Several different adjuvant chemo 
therapy regimens are used in the treatment of breast cancer. 
Not all regimens may be equally effective for all patients. 
Currently it is not possible to select the most effective 
regimen for a particular individual. One accepted surrogate 
of prolonged recurrence-free survival after chemotherapy in 
breast cancer is complete pathologic response (pCR) to 
neoadjuvant therapy. PusZtai et al., ASCO 2003 abstract 1 
report the discovery of a gene expression pro?le that pre 
dicts pCR after neoadjuvant Weekly paclitaxel folloWed by 
FAC sequential chemotherapy (T/FAC). The PusZtai et al. 
predictive markers Were generated from ?ne needle aspirates 
of 24 early stage breast cancers. Six of the 24 patients 
achieved pCR (25 percent). In PusZtai et al., RNA from each 
sample Were pro?led on cDNA microarrays of 30,000 
human transcripts. Differentially expressed genes betWeen 
the pCR and residual disease (RD) groups Were selected by 
signal-to-noise-ratio. Several supervised learning methods 
Were evaluated to de?ne the best class prediction algorithm 
and the optimal number of genes needed for outcome 
prediction using leave-one out cross validation. A support 
vector machine using ?ve genes (3 ESTs, nuclear factor 1/A, 
and histone acetyltransferase) yielded the greatest estimated 
accuracy. This predictive marker set Was tested on indepen 
dent cases receiving T/FAC neoadjuvant therapy. PusZtai et 
al. reported results for 21 patients included in the validation. 
The overall accuracy of the PusZtai et al. response prediction 
based on gene expression pro?le Was 81 percent. The overall 
speci?city Was 93 percent. The sensitivity Was 50 percent 
(three of the six pCR Were misclassi?ed as RD). PusZtai et 
al. found that patients predicted to have pCR to T/FAC 
preoperative chemotherapy had a 75 percent chance of 
experiencing pCR compared to 25-30 percent that is 
expected in unselected patients. The PusZtai et al. ?ndings 
can be used to build a model 202 that can then be used to 
help physicians to select individual patients Who are most 
likely to bene?t from T/FAC adjuvant chemotherapy. 

[0136] Cobleigh et al. Breast cancer patients With ten or 
more positive nodes have a poor prognosis, yet some survive 
long-term. Cobleigh et al., ASCO 2003 abstract 3415 sought 
to identify predictors of distant disease-free survival (DDFS) 
in this high risk group of patients. Patients With invasive 
breast cancer and ten or more positive nodes diagnosed from 
1979 to 1999 Were identi?ed. RNA Was extracted from three 

Mar. 31, 2005 

10 micron sections and expression Was quanti?ed for seven 
reference genes and 185 cancer-related genes using RT 
PCR. The genes Were selected based on the results of 
published literature and microarray experiments. A total of 
79 patients Were studied. Fifty-four percent of the patients 
received hormonal therapy and eighty percent received 
chemotherapy. Median folloW-up Was 15.1 yrs. As of August 
2002, 77 percent of patients had distant recurrence or breast 
cancer death. Univariate Cox survival analysis of the clinical 
variables indicated that the number of nodes involved Was 
signi?cantly associated With DDFS (p=0.02). Cobleigh et al. 
applied a multivariate model including age, tumor siZe, 
involved nodes, tumor grade, adjuvant hormonal therapy, 
and chemotherapy that accounted for 13 percent of the 
variance in DDFS time. Univariate Cox survival analysis of 
the 185 cancer-related genes indicated that a number of 
genes Were associated With DDFS (5 With p<0.01; 16 With 
p<0.05). Higher expression Was associated With shorter 
DDFS (p<0.01) for the HER2 adaptor Grb7 and the mac 
rophage marker CD68. Higher expression Was associated 
With longer DDFS (p<0.01) for TP53BP2 (tumor protein 
p53-binding protein 2), PR, and Bcl2. A multivariate model 
including ?ve genes accounted for 45 percent of the variance 
in DDFS time. Multivariate analysis also indicated that gene 
expression is a signi?cant predictor after controlling for 
clinical variables. The Cobleigh et al. ?ndings can be used 
to build a model 202 that can then be used to help determine 
Which patients are likely associated With DDFS and that are 
not likely associated With DDFS. 

[0137] van’t Veer. Breast cancer patients With the same 
stage of disease can have markedly different treatment 
responses and overall outcome. Predictors for metastasis (a 
poor outcome), lymph node status and histological grade, for 
example fail to classify accurately breast tumors according 
to their clinical behavior. To address this shortcoming van’t 
Veer 2002, Nature 415, 530-535, used DNA microanalysis 
on primary breast tumors of 117 patients, and applied 
supervised classi?cation to identify a gene expression sig 
nature strongly predictive of a short interval to distant 
metastases (‘poor prognosis’ signature) in patients Without 
tumor cells in local lymph nodes at diagnosis (lymph node 
negative). In addition van’t Veer established a signature that 
identi?es tumors of BRCA1 carriers. The van’t Veer ?ndings 
can be used to build a model 202 that can then be used to 
help determine patient prognosis. 

[0138] Other references. A representative sample of addi 
tional breast cancer studies that can be used to build models 
202 for detecting breast cancer include, but are not limited 
to, Soule et al., ASCO 2003 abstract 3466; Ikeda et al., 
ASCO 2003 abstract 34; Schneider et al., 2003, British 
Journal of Cancer 88, p. 96; Long et al. ASCO 2003 abstract 
3410; and Chang et al., 2002, PeerVieW Press, Abstract 
1700, “Gene Expression Pro?les for Docetaxel Chemosen 
sitivity.” 

5.4.2 Lung Cancer 

[0139] Rosell-Costa et al. ERCC1 mRNA levels correlate 
With DNA repair capacity (DRC) and clinical resistance to 
cisplatin. Changes in enZyme activity and gene expression 
of the M1 or M2 subunits of ribonucleotide reductase (RR) 
are observed during DNA repair after gemcitabine damage. 
Rosell-Costa et al., ASCO 2003 abstract 2590 assessed 
ERCC1 and RRM1 mRNA levels by quantitative PCR in 
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RNA isolated from tumor biopsies of 100 stage IV (NSCLC) 
patients included in a trial of 570 patients randomized to 
gem/cis versus gem/cis/vrb vs gem/vrb folloWed by vrb/ifos 
(Alberola et al. ASCO 2001 abstract 1229). ERCC1 and 
RRM1 data Were available for 81 patients. Overall response 
rate, time to progression (TTP) and median survival (MS) 
for these 81 patients Were similar to results for all 570 
patients. A strong correlation betWeen ERCC1 and RRM1 
levels Was found (P=0.00001). Signi?cant differences in 
outcome according to ERCC1 and RRM1 levels Were found 
in the gem/cis arm but not in the other arms. In the gem/cis 
arm, TTP Was 8.3 months for patients With loW ERCC1 and 
5.1 months for patients With high ERCC1 (P=0.07), 8.3 
months for patients With loW RRM1 and 2.7 months for 
patients With high RRM1 (P=0.01), 10 months for patients 
With loW ERCC1 & RRM1 and 4.1 months for patients With 
high ERCC1 & RRM1 (P=0.009). MS Was 13.7 months for 
patients With loW ERCC1 and 9.5 months for patients With 
high ERCC1 (P=0.19), 13.7 months for patients With loW 
RRM1 and 3.6 months for patients With high RRM1 
(P=0.009), not reached for patients With loW ERCC1 & 
RRM1 and 6.8 months for patients With high ERCC1 & 
RRM1 (P=0.004). Patients With loW ERCC1 and RRM1 
levels, indicating loW DRC, are ideal candidates for gem/cis, 
While patients With high levels have poorer outcome. 
Accordingly, ratios that include ERCC1 & RRM1 can be 
used to build models 202 that determine What kind of 
therapy should be given to lung cancer patients. 

[0140] Hayes et al. Despite the high prevalence of lung 
cancer, a robust strati?cation of patients by prognosis and 
treatment response remains elusive. Initial studies of lung 
cancer gene expression arrays have suggested that previ 
ously unrecogniZed subclasses of adenocarcinoma may 
exist. These studies have not been replicated and the asso 
ciation of subclass With clinical outcomes remains incom 
plete. For the purpose of comparing subclasses suggested by 
the three largest case series, their gene expression arrays 
comprising 366 tumors and normal tissue samples Were 
analyZed in a pooled data set by Hayes et al., ASCO 2003 
abstract 2526. The common set of expression data Was 
re-scaled and gene ?ltering Was employed to select a subset 
of genes With consistent expression betWeen replicate pairs 
yet variable expression across all samples. Hierarchical 
clustering Was performed on the common data set and the 
resultant clusters compared to those proposed by the authors 
of the original manuscripts. In order to make direct com 
parisons to the original classi?cation schemes, a classi?er 
Was constructed and applied to validation samples from the 
pool of 366 tumors. In each step of the analysis, the 
clustering agreement betWeen the validation and the origi 
nally published classes Was statistically signi?cant. In an 
additional validation step, the lists of genes describing the 
originally published subclasses Were compared across clas 
si?cation schemes. Again there Was statistically signi?cant 
overlap in the lists of genes used to describe adenocarci 
noma subtypes. Finally, survival curves demonstrated one 
subtype of adenocarcinoma With consistently decreased sur 
vival. The Hayes et al. analyses helps to establish that 
reproducible adenocarcinoma subtypes can be described 
based on mRNA expression pro?ling. Accordingly the 
results of Hayes et al. can be used to build models 202 that 
can be used to identify adenocarcinoma subtypes. 
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5.4.3 Prostate Cancer 

[0141] Li et al. Taxotere shoWs anti-tumor activity against 
solid tumors including prostate cancer. HoWever, the 
molecular mechanism(s) of action of Taxotere have not been 
fully elucidated. In order to establish the molecular mecha 
nism of action of Taxotere in both hormone insensitive 
(PC3) and sensitive (LNCaP) prostate cancer cells compre 
hensive gene expression pro?les Were obtained by using 
Affymetrix Human Genome U133A array. See Li et al. 
ASCO 2003 abstract 1677. The total RNA from cells 
untreated and treated With 2 nM Taxotere for 6, 36, and 72 
hours Was subjected to microarray analysis and the data 
Were analyZed using Microarray Suite and Data Mining, 
Cluster and TreeVieW, and Onto-express softWare. The alter 
nations in the expression of genes Were observed as early as 
six hours, and more genes Were altered With longer treat 
ments. Additionally, Taxotere exhibited differential effects 
on gene expression pro?les betWeen LNCaP and PC3 cells. 
Atotal of 166, 365, and 1785 genes shoWed >2 fold change 
in PC3 cells after 6, 36, and 72 hours, respectively compared 
to 57, 823, and 964 genes in LNCaP cells. Li et al. found no 
effect on androgen receptor, although up-regulation of sev 
eral genes involved in steroid-independent AR activation 
(IGFBP2, FGF13, EGF8, etc) Was observed in LNCaP cells. 
Clustering analysis shoWed doWn-regulation of genes for 
cell proliferation and cell cycle (cyclins and CDKs, Ki-67, 
etc), signal transduction (IMPA2, ERBB2IP, etc), transcrip 
tion factors (HMG-2, NFYB, TRIP13, PIR, etc), and onco 
genesis (STK15, CHK1, Survivin, etc.) in both cell lines. In 
contrast, Taxotere up-regulated genes that are related to 
induction of apoptosis (GADD45A, FasApo-1, etc), cell 
cycle arrest (p21CIP1, p27KIP1, etc) and tumor suppres 
sion. From these results, Li et al. concluded that Taxotere 
caused alterations of a large number of genes, many of 
Which may contribute to the molecular mechanism(s) by 
Which Taxotere affects prostate cancer cells. This informa 
tion could be further exploited to devise strategies to opti 
miZe therapeutic effects of Taxotere for the treatment of 
metastatic prostate cancer. 

[0142] Using the results described in this section, models 
202 that stratify patients into groups that Will have a varying 
degree of response to Taxotere and related treatment regi 
mens (eg a ?rst biological feature that is highly responsive 
to Taxotere, a second biological feature that is not respon 
sive to Taxotere, etc.) can be developed. In another 
approach, biological features can be developed based, in 
part, on Cox-2 expression in order to serve as a survival 
predictor in stage D2 prostate cancer. 

5.4.4 Colorectal Cancer 

[0143] KWon et al. To identify a set of genes involved in 
the development of colorectal carcinogenesis, KWon et al. 
ASCO 2003 abstract 1104 analysed gene-expression pro?les 
of colorectal cancer cells from tWelve tumors With corre 
sponding noncancerous colonic epithelia by means of a 
cDNA microarray representing 4,608 genes. KWon et al. 
classi?ed both samples and genes by a tWo-Way clustering 
analysis and identi?ed genes that Were differentially 
expressed betWeen cancer and noncancerous tissues. Alter 
ations in gene expression levels Were con?rmed by reverse 
transcriptase PCR (RT-PCR) in selected genes. Gene expres 
sion pro?les according to lymph node metastasis Were 
evaluated With a supervised learning technique. Expression 






































