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MOLECULAR DIAGNOSTIC TEST FOR CANCER

CROSS-REFERENCE TO RELATED APPLICATIONS

The present invention claims the priority benefit of U.S. Provisional Patent Application
61/383,201 filed September 15, 2010 and U.S. Provisional Patent Application 61/490,039 filed
May 25, 2011, both of which are incorporated herein by reference.

FIELD OF THE INVENTION

The present invention relates to a molecular diagnostic test useful for diagnosing cancers
from different anatomical sites that includes the use of a common DNA damage repair
deficiency subtype. The invention includes the use of a 44-gene classification model that is used
to identify this DNA damage repair deficiency molecular subtype. One application is the
stratification of response to, and selection of patients for breast cancer therapeutic drug classes,
including DNA damage causing agents and DNA repair targeted therapies. Another application
is the stratification of ovarian cancer patients into those that respond and those that do not
respond to DNA damage causing agents. The present invention provides a test that can guide
conventional therapy selection as well as selecting patient groups for enrichment strategies
during clinical trial evaluation of novel therapeutics. DNA repair deficient subtypes can be

identified from fresh/frozen (FF) or formalin fixed paraffin embedded (FFPE) patient samples.

BACKGROUND

The pharmaceutical industry continuously pursues new drug treatment options that are
more effective, more specific or have fewer adverse side effects than currently administered
drugs. Drug therapy alternatives are constantly being developed because genetic variability
within the human population results in substantial differences in the effectiveness of many
drugs. Therefore, although a wide variety of drug therapy options are currently available, more
therapies are always needed in the event that a patient fails to respond.

Traditionally, the treatment paradigm used by physicians has been to prescribe a first-
line drug therapy that results in the highest success rate possible for treating a disease.
Alternative drug therapies are then prescribed if the first is ineffective. This paradigm is clearly
not the best treatment method for certain diseases. For example, in diseases such as cancer, the

first treatment is often the most important and offers the best opportunity for successful therapy,
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so there exists a heightened need to chose an initial drug that will be the most effective against
that particular patient's disease.

It is anticipated that there will be 207,090 new female breast cancer diagnoses in the US
this year and 39,840 female breast cancer related deaths (American Cancer Society: Cancer
Facts and Figures 2010). Standard chemotherapy typically includes direct DNA damaging
agents such as anthracyclines and alkylating agents as well as antimetabolites and
antimicrotubule agents.

Ovarian cancer is the leading cause of death among all gynecological cancers in western
countries. This high death rate is due to the diagnosis at an advanced stage in most patients.
Epithelial ovarian cancer (EOC) constitutes 90% of ovarian malignancies and is classified into
distinct histologic categories including serous, mucinous, endometrioid, clear cell, transitional,
mixed, and undifferentiated subtypes. There is increasing evidence that these differed
histologies arise from different actiologies. The current standard treatment for ovarian cancer is
debulking surgery and standard platinum taxane based cytotoxic chemotherapy. However, not
all patients respond to this, and of those that do, approximately 70% will experience a
recurrence. Specific targeted therapies for ovarian cancer based on histological or molecular
classification have not yet reached the marketplace. Similarly for other types of cancer, there is
still no accurate way of selecting appropriate cytotoxic chemotherapeutic agents.

The advent of microarrays and molecular genomics has the potential for a significant
impact on the diagnostic capability and prognostic classification of disease, which may aid in
the prediction of the response of an individual patient to a defined therapeutic regimen.
Microarrays provide for the analysis of large amounts of genetic information, thereby providing
a genetic fingerprint of an individual. There is much enthusiasm that this technology will
ultimately provide the necessary tools for custom-made drug treatment regimens.

Currently, healthcare professionals have few mechanisms to help them identify cancer
patients who will benefit from chemotherapeutic agents. Identification of the optimal first-line
drug has been difficult because methods are not available for accurately predicting which drug
treatment would be the most effective for a particular cancer's physiology. This deficiency
results in relatively poor single agent response rates and increased cancer morbidity and death.
Furthermore, patients often needlessly undergo ineffective, toxic drug therapy.

Molecular markers have been used to select appropriate treatments, for example, in
breast cancer. Breast tumors that do not express the estrogen and progesterone hormone
receptors as well as the HER2 growth factor receptor, called “triple negative”, appear to be
responsive to PARP-1 inhibitor therapy (Linn, S. C., and Van 't Veer, L., J. Eur J Cancer 45
Suppl 1, 11-26 (2009); O'Shaughnessy, J., et al. N Engl J Med 364, 205-214 (2011). Recent
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studies indicate that the triple negative status of a breast tumor may indicate responsiveness to
combination therapy including PARP-1 inhibitors, but may not be sufficient to indicate
responsiveness to individual PARP-1 inhibitors.(O'Shaughnessy et al., 2011).

Furthermore, there have been other studies that have attempted to identify gene
classifiers associated with molecular subtypes to indicate responsiveness of chemotherapeutic
agents (Farmeret al.Nat Med 135, 68-74 (2009); Konstantinopoulos, P. A., ef al., J Clin Oncol 28,
3555-3561 (2010)). However, to date there does not exist a diagnostic test that works across
cancer diseases to accurately define a molecular subtype that demonstrates a deficiency in DNA
damage repair, that can also predict sensitivity to any drug that directly or indirectly targets
DNA damage repair across discases.

What is therefore needed is a test that identifies DNA repair deficient tumors with
sufficient accuracy to allow the stratification of patients into those who are likely to respond to
chemotherapeutic agents that damage DNA, and those who should receive alternative therapies.

What is also needed is a molecular subtype classifier that is predictive of therapeutic

responsiveness across different cancer types with sufficient accuracy.

SUMMARY OF THE INVENTION

The invention is directed to methods of using a collection of gene product markers
expressed in cancer such that when some or all of the transcripts are over or under-expressed,
they identify a subtype of cancer that has a deficiency in DNA damage repair. Designation of
this subtype can be considered a diagnostic test as it is not related to any specific drug but rather
describes the biology of the cancer in a manner that has utility in screening and selecting
appropriate cancer therapies. The invention also provides methods for indicating responsiveness
or resistance to DNA-damage therapeutic agents. In different aspects, this gene or gene product
list may form the basis of a single parameter or a multiparametric predictive test that could be
delivered using methods known in the art such as microarray, Q-PCR, immunohistochemistry,
ELISA or other technologies that can quantify mRNA or protein expression.

In addition, the biological pathway described herein is a feature of cancer itself, similar
to grade and stage, and as such, is not limited to a single cancer disease type.Therefore, the
collection of genes or gene products may be used to predict responsiveness of cancer
therapeutics across different cancer types in different tissues. In one embodiment of the
invention, these genes or gene products are useful for evaluating both breast and ovarian cancer

tumors.
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The invention described herein is not limited to any one drug; it can be used to identify
responders and non responders to any of a range of drugs that directly or indirectly affect DNA
damage and/or DNA damage repair e.g. neoadjuvant 5-fluorouracil, anthracycline and
cyclophosphamide based regimens such as FEC (5-fluorouracil/epirubicin/cyclophosphamide)
and FAC (5-fluorouracil/Adriamycin/cyclophosphamide). In specific aspects this invention, it is
useful for evaluating paclitaxel, fluorouracil, doxorubicin (Adriamycin), and cyclophosphamide
(T/FAC) neoadjuvant treatment in breast cancer. In other aspects this invention, it is useful for
evaluating platinum or platinum plus taxol treatment in ovarian cancer.

The present invention relates to prediction of response to drugs using different
classifications of response, such as overall survival, progression free survival, radiological
response, as defined by RECIST, complete response, partial response, stable disecase and
serological markers such as, but not limited to, PSA, CEA, CA125, CA15-3 and CA19-9. In
specific embodiments this invention can be used to evaluate pathological complete response in
breast cancer treated with FEC or FAC cither alone or in the context of standard treatment, or
RECIST and serum CA125 levels in ovarian cancer.

In another aspect, the present invention relates to the identification of a DNA damage
response deficiency (DDRD) molecular subtype in breast and ovarian cancer. This molecular
subtype can be detected by the use of two different gene classifiers — one being 40 genes in
length and one being 44 genes in length. The DDRD classifier was first defined by a classifier
consisting of 53 probesets on the Almac Breast Disease Specific Array (DSA™). So as to
validate the functional relevance of this classifier in the context of its ability to predict response
to DNA-damaging containing chemotherapy regimens, the classifier needed to be re-defined at a
gene level. This would facilitate evaluation of the DDRD classifier using microarray data from
independent datasets that were profiled on microarray platforms other than the Almac Breast
DSA™, In order to facilitate defining the classifier at a gene level, the genes to which the Almac
Breast DSA™ probesets map to needed to be defined. This involved the utilization of publicly
available genome browser databases such as Ensembl and NCBI Reference Sequence. Results
are provided only for the 44-gene DDRD classifier model, as this model supersedes that of the
40-gene DDRD classifier model. These results demonstrate that the classifier model is an
effective and significant predictor of response to chemotherapy regimens that contain DNA
damaging therapeutics.

The identification of the subtype by both the 40-gene classifier model and the 44-gene
classifier model can be used to predict response to, and select patients for, standard breast and
ovarian cancer therapeutic drug classes, including DNA damage causing agents and DNA repair

targeted therapies.
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In another aspect, the present invention relates to kits for conventional diagnostic uses
listed above such as qPCR, microarray, and immunoassays such as immunohistochemistry,
ELISA, Western blot and the like. Such kits include appropriate reagents and directions to assay
the expression of the genes or gene products and quantify mRNA or protein expression.

The invention also provides methods for identifying DNA damage response-deficient
(DDRD) human tumors. It is likely that this invention can be used to identify patients that are
sensitive to and respond, or are resistant to and do not respond, to drugs that damage DNA
directly, damage DNA indirectly or inhibit normal DNA damage signaling and/or repair
processes.

The invention also relates to guiding conventional treatment of patients. The invention
also relates to selecting patients for clinical trials where novel drugs of the classes that directly
or indirectly affect DNA damage and/or DNA damage repair.

The present invention and methods accommodate the use of archived formalin fixed
paraffin-embedded (FFPE) biopsy material, as well as fresh/frozen (FF) tissue, for assay of all
transcripts in the invention, and are therefore compatible with the most widely available type of
biopsy material. The expression level may be determined using RNA obtained from FFPE

tissue, fresh frozen tissue or fresh tissue that has been stored in solutions such as RNAlater®.

BRIEF DESCRIPTION OF DRAWINGS

FIG. 1 provides a diagram representing the hierarchical analysis of ER-negative (A) and ER-
positive (B) BRCA1/2 mutant and sporadic wildtype control breast samples. Probeset cluster
groups are annotated on the right-hand side and pathway analysis of each probeset cluster group
is annotated on the left-hand side of each image. The legend for each image indicates a sample’s
mutational status as well as the signature group each sample was assigned to for classifier

generation.

FIG. 2 provides a diagramofbox plots comparing the AUC performance of each classification
model under a 10 repeats of 5-fold cross validation for (A) the combined sample set, (B) the ER-
negative sample set and (C) the ER-positive sample set. (D) Sensitivity plus specificity plot of
the cross validation predictions used to select threshold. The maximum sensitivity plus

specificity is 1.682 with a corresponding signature score of ~0.37.

FIG. 3 provides a diagram of a ROC curve of the classification performance for predicting

BRCA status using the 44-gene classifier model, estimated by cross validation. The AUC is
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~0.68 following application the classifier model. The 95% confidence limits have been

estimated from bootstrap with 1000 iterations.

FIG. 4 provides a diagram of a ROC curve of the classification performance of the 44-gene
classifier model in a combined analysis of three independent datasets: FEC, FAC1 and FAC2
(Bonnefoi et al., 2007; ITwamotoet al.,J Natl Cancer Inst 103, 264-272 (2011); Lee, J. K., et al.
Clin Cancer Res 16, 711-718 (2010)for predicting response to anthracycline-based
chemotherapy. The AUC is ~0.78 following application of the classifier model. The 95%

confidence limits have been estimated from bootstrap with 1000 iterations.

FIG. 5 provides a diagram of a ROC curve of the classification performance of the 44-gene
classifier model in a combined analysis of three independent datasets in response in T/FAC
treated samples(Hesset al., J Clin Oncol 24, 4236-4244 (2006); Lee et al., 2010; Tabchy, A., et
al.Clin Cancer Res 76, 5351-5361 (2010). The AUC is ~0.61 following application of the
classifier model respectively. The 95% confidence limits were determined using 1000 bootstrap

iterations.

FIG. 6 provides a diagram of a ROC curve of the classification performance of the 44-gene
classifier model within 259 serous ovarian cancer samples in response in platinum and taxol
treated samples from the in-house Almac Diagnostics ovarian dataset. The AUC is ~0.68
following application of the classifier model. The 95% confidence limits were determined using

1000 bootstrap iterations.

FIG. 7 provides a histogram representation of the 44-gene DDRD classifier scores in bone
marrow samples taken from healthy donors and patients with Fanconi Anaemia mutations. The
AUC is 0.90 following application of the classifier model. The 95% confidence limits were

determined using 1000 bootstrap iterations.

FIG. 8 provides a figure correlating the 44-gene classifier model with therapeutic response in
BRCA1 mutant and wildtype cell-lines. (A) Western blot analysis confirming increased
expression of BRCAI in the HCC1937-BR cells compared with the HCC1937-EV cells. (B)
Mean 44-gene model (DDRD) classifier score (£SEM) within the control vector-only
transfected HCC1937 (HCC1937-EV) and HCC1937 with returned exogenous expression of
BRCA1 (HCC1937-BR) cell-lines. Histogram representation of cell-viability of HCC1937
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parental and HCC1937-BR cells under constant exposure to a range of concentrations of PARP

inhibitor KU0058948 (C) and cisplatin (D).

DETAILED DESCRIPTION OF THE INVENTION

Unless defined otherwise, technical and scientific terms used herein have the same
meaning as commonly understood by one of ordinary skill in the art to which this invention
belongs. Although any methods, devices, and materials similar or equivalent to those described
herein can be used in the practice or testing of the invention, the preferred methods, devices and
materials are now described.

All publications, published patent documents, and patent applications cited in this
application are indicative of the level of skill in the art(s) to which the application pertains. All
publications, published patent documents, and patent applications cited herein are hereby
incorporated by reference to the same extent as though each individual publication, published
patent document, or patent application was specifically and individually indicated as being
incorporated by reference.

The articles “a” and “an” are used herein to refer to one or to more than one (i.e., to at
least one) of the grammatical object of the article. By way of example, “an element” means one
element or more than one element, unless explicitly indicated to the contrary.

A major goal of current research efforts in cancer is to increase the efficacy of
perioperative systemic therapy in patients by incorporating molecular parameters into clinical
therapeutic decisions. Pharmacogenetics/genomics is the study of genetic/genomic factors
involved in an individual’s response to a foreign compound or drug. Agents or modulators
which have a stimulatory or inhibitory effect on expression of a marker of the invention can be
administered to individuals to treat (prophylactically or therapeutically) cancer in a patient. It is
ideal to also consider the pharmacogenomics of the individual in conjunction with such
treatment. Differences in metabolism of therapeutics may possibly lead to severe toxicity or
therapeutic failure by altering the relationship between dose and blood concentration of the
pharmacologically active drug. Thus, understanding the pharmacogenomics of an individual
permits the selection of effective agents (e.g., drugs) for prophylactic or therapeutic treatments.
Such pharmacogenomics can further be used to determine appropriate dosages and therapeutic
regimens. Accordingly, the level of expression of a marker of the invention in an individual can
be determined to thereby select appropriate agent(s) for therapeutic or prophylactic treatment of
the individual.

The invention is directed to a unique collection of gene or gene product markers
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(hereinafter referred to as “biomarkers”)expressed in a cancer tissue. In different aspects, this
biomarker list may form the basis of a single parameter or multiparametric predictive test that
could be delivered using methods known in the art such as microarray, Q-PCR,
immunohistochemistry, ELISA or other technologies that can quantify mRNA or protein
expression.

The present invention also relates to kits and methods that are useful for prognosis
following cytotoxic chemotherapy or selection of specific treatments for cancer. Methods are
provided such that when some or all of the transcripts are over or under-expressed, the
expression profile indicates responsiveness or resistance to DNA-damage therapeutic agents.
These kits and methods employ gene or gene product markers that are differentially expressed in
tumors of patients with cancer. In one embodiment of the invention, the expression profiles of
these biomarkers are correlated with clinical outcome (response or survival) in archival tissue
samples under a statistical method or a correlation model to create a database or model
correlating expression profile with responsiveness to one or more DNA-damage therapeutic
agents. The predictive model may then be used to predict the responsiveness in a patient whose
responsiveness to the DNA-damage therapeutic agent(s) is unknown. In many other
embodiments, a patient population can be divided into at least two classes based on patients’
clinical outcome, prognosis, or responsiveness to DNA-damage therapeutic agents, and the
biomarkers are substantially correlated with a class distinction between these classes of patients.
The biological pathways described herein are common to cancer as a disease, similar to grade

and stage, and as such, the classifiers and methods are not limited to a single cancer disease

type.

Predictive Marker Panels/Expression Classifiers

A unique collection of biomarkers as a genetic classifier expressed in a cancer tissue is
provided that is useful in determining responsiveness or resistance to therapeutic agents, such as
DNA-damage therapeutic agents, used to treat cancer. Such a collection may be termed a
“marker panel”, “expression classifier”, or “classifier”.

The biomarkers useful in the present methods are identified in Table 1. These biomarkers
are identified as having predictive value to determine a patient response to a therapeutic agent,
or lack thereof. Their expression correlates with the response to an agent, and more specifically,
a DNA-damage therapeutic agent. By examining the expression of a collection of the identified
biomarkers in a tumor, it is possible to determine which therapeutic agent or combination of

agents will be most likely to reduce the growth rate of a cancer, and in some embodiments,
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breast or ovarian cancer cells. By examining a collection of identified transcript gene or gene
product markers, it is also possible to determine which therapeutic agent or combination of
agents will be the least likely to reduce the growth rate of a cancer. By examining the expression
of a collection of biomarkers, it is therefore possible to eliminate ineffective or inappropriate
therapeutic agents. Importantly, in certain embodiments, these determinations can be made on a
patient-by-patient basis or on an agent-by-agent basis. Thus, one can determine whether or not a
particular therapeutic regimen is likely to benefit a particular patient or type of patient, and/or

whether a particular regimen should be continued.

Table 1A
ABCA12 26154 N/A
ALDH3B2 222 N/A
APOBEC3G 60489 N/A
APOC1 341 N/A
APOLG 80830 N/A
ARHGAP9 64333 N/A
BAMBI 25805 N/A
BIK 638 N/A
BIRC3 330 | AS1_BIRC3 Hs127799.0C7n9_at 1
BTN3A3 10384 N/A
C120rf48 55010 N/A
C170rf28 283987 N/A
C1lorf162 128346 N/A
C1orf64 149563 N/A
C1QA 712 N/A
C21orf70 85395 N/A
C220rf32 91689 N/A
Céorf211 79624 N/A
CACNG4 27092 N/A
CCDC69 26112 N/A
CCL5 6352 N/A
CCNB2 9133 N/A
CCND1 595 N/A
CCR7 1236 N/A
CD163 9332 N/A
CDh2 914 N/A
CDh22 933 N/A
CDh24 100133941 N/A
CD274 29126 N/A
CD3D 915 N/A
CD3E 916 N/A
CD52 1043 N/A
CD53 963 N/A
CD79A 973 N/A
CDH1 999 N/A
CDKN3 1033 N/A
CECR1 51816 N/A
CHEK1 1111 N/A
CKMT1B 1159 N/A
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CMPK2
CNTNAP2
COX16
CRIP1
CXCL10
CXCL9
CYBB
CYP2B6
DDX58
DDX60L
ERBB2
ETV7
FADS2
FAM26F
FAM46C
FASN
FBP1
FBXO2
FKBP4
FLJ40330
FYB
GBP1
GBP4
GBP5
GIMAP4
GLRX
GLUL
GVIN1
H2AFJ
HGD
HIST1H2BK
HIST3H2A
HLA-DOA
HLA-DPB1
HMGB2
HMGB3
HSPO0AA1
IDO1
IF127
IF144
IF144L
IFI6

IFIH1

1GJ
IKZF1
IL10RA
IL2RG
IL7R
IMPAD1
IQGAP3
IRF1
ISG15
ITGAL
KIAA1467
KIF20A
KITLG
KLRK1
KRT19
LAIR1
LCP1

129607
26047
51241

1396
3627
4283
1536
1555
23586
91351
2064
51513
9415

441168

54855
2194
2203

26232
2288

645784

2533
2633

115361

115362
55303

2745
2752

387751

55766

3081
85236
92815
3111
3115
3148
3149
3320
3620
3429
10561
10964
2537
64135
3512
10320
3587
3561
3575
54928
128239
3659
9636
3683
57613
10112
4254
22914
3880
3903
3936

AS1_GBP5

AS1_IFI44L

AS1_IGJ

AS1_IQGAP3

10
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N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
BRMX.5143C1n2_at 2
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
BRSA.1606C1n4_at 3
N/A
N/A
BRIH.1231C2n2_at 4
N/A
N/A
N/A
N/A
N/A
BRAD.30779_s_at 5
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
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LOC100289702
LOC100294459
LOC150519
LOC439949
LYZ

MAL2
MGC29506
MIAT
MS4A1
MX1
NAPSB
NCKAP1L
NEK2
NLRC3
NLRC5
NPNT
NQO1
OAS2
OAS3
PAQR4
PARP14
PARP9
PIK3CG
PIM2
PLEK
POU2AF1
PP14571
PPP2R2C
PSMB9
PTPRC
RAC2
RAMP1
RARA
RASSF7
RSAD2
RTP4
SAMD9
SAMDYL
SASH3
SCD

SELL

SIX1
SLAMF7
SLC12A2
SLCBALRT
SPOCK2
SQLE
ST20
ST6GALNAC2
STATH
STRA13
SUSD4
SYT12
TAP1
TBC1D10C
TNFRSF13B
TNFSF10
TOBY
TOM1L1
TRIM22

100289702
100294459
150519
439949
4069
114569
51237
440823
931
4509
256236
3071
4751
197358
84166
255743
1728
4939
4940
124222
54625
83666
5294
11040
5341
5450
100130449
5522
5698
5788
5880
10267
5914
8045
91543
64108
54809
219285
54440
6319
6402
6495
57823
6558
4368
9806
6713
400410
10610
672
201254
55061
91683
6890
374403
23495
8743
10140
10040
10346

AS1_L0OC100294459

AS1_MX1

AS1_SIX1

AS1_SLC9A3RI1

AS1_STAT1

AS1_TOB1
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N/A
BRSA.396C1n2_at
N/A

N/A

N/A

N/A

N/A

N/A

N/A
BRMX.2948C3n7_at
N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A
Hs539969.0C4n3_at
N/A

N/A
Hs396783.3C1n4_at
N/A

N/A

N/A

N/A
BRMX.13670C1n2_at
N/A

N/A

N/A

N/A

N/A

N/A

N/A
BRAD.30243_at
N/A

N/A

10

11
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uBhD 103537 | AS1_UBD BRMX.941C2n2_at 12
UBE2T 29089 N/A
UCK2 7371 N/A
USP18 11274 N/A
VNN2 8875 N/A
XAF1 54739 N/A
ZWINT 11130 N/A
AS1_C1QC BRMX.4154C1n3_s_at 13
AS1_C2orf14 BRAD.39498_at 14
AS1_EPSTI1 BRAD.34868_s_at 15
AS1_GALNTG6 5505575.0C1n42_at 16
AS1_HIST1H4H BREM.1442_at 17
AS1_HIST2H4B BRHP.827_s_at 18
AS2_HIST2H4B BRRS.18322_s_at 19
AS3_HIST2H4B BRRS.18792_s_at 20
AS1_KIAA1244 Hs632609.0C1n37_at 21
AS1_LOC100287927 Hs449575.0C1n22_at 22
AS1_LOC100291682 BRAD.18827_s_at 23
AS1_LOC100293679 BREM.2466_s at 24
Table 1B
BRAD.2605_at 25
BRAD.33618 at 26
BRAD.36579 s at 27
BRADI1 5440961 s at 28
BRADI1 66786229 s at 29
BREM.2104 at 30
BRAG_AK097020.1 at 31
BRAD.20415 at 32
BRAD.29668 at 33
BRAD.30228 at 34
BRAD.34830 at 35
BRAD.37011 s at 36
BRAD.37762 at 37
BRAD.40217 at 38
BRADI1 4307876 _at 39
BREM.2505 at 40
Hs149363.0CB4n5_s_at 41
Hs172587.9C1n9 _at 42
Hs271955.16C1n9_at 43
Hs368433.18C1n6_at 44
Hs435736.0C1n27 s at 45
Hs493096.15C1n6_at 46
Hs493096.2C1nl5 s at 47
Hs592929.0CB2n8_at 48
Hs79953.0C1n23 at 49
BRMX.2377CIn3 at 50

All or a portion of the biomarkers recited in Table 1 may be used in a predictive

biomarker panel. For example, biomarker panels selected from the biomarkers in Table 1 can be

12
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generated using the methods provided herein and can comprise between one, and all of the
biomarkers set forth in Table 1 and each and every combination in between (e.g., four selected
biomarkers, 16 selected biomarkers, 74 selected biomarkers, etc.). In some embodiments, the
predictive biomarker set comprises at least 5, 10, 20, 40, 60, 100, 150, 200, or 300 or more
biomarkers. In other embodiments, the predictive biomarker set comprises no more than 5, 10,
20, 40, 60, 100, 150, 200, 300, 400, 500, 600 or 700 biomarkers. In some embodiments, the
predictive biomarker set includes a plurality of biomarkers listed in Table 1. In some
embodiments the predictive biomarker set includes at least about 1%, about 5%, about 10%,
about 20%, about 30%, about 40%, about 50%, about 60%, about 70%, about 80%, about 90%,
about 95%, about 96%, about 97%, about 98%, or about 99% of the biomarkers listed in Table
1. Selected predictive biomarker sets can be assembled from the predictive biomarkers provided
using methods described herein and analogous methods known in the art. In one embodiment,
the biomarker panel contains all 203 biomarkers in Table 1. In another embodiment, the
biomarker panel contains 40 or 44 biomarkers in Table 1 or 2.

Predictive biomarker sets may be defined in combination with corresponding scalar
weights on the real scale with varying magnitude, which are further combined through linear or
non-linear, algebraic, trigonometric or correlative means into a single scalar value via an
algebraic, statistical learning, Bayesian, regression, or similar algorithms which together with a
mathematically derived decision function on the scalar value provide a predictive model by
which expression profiles from samples may be resolved into discrete classes of responder or
non-responder, resistant or non-resistant, to a specified drug or drug class. Such predictive
models, including biomarker membership, are developed by learning weights and the decision
threshold, optimized for sensitivity, specificity, negative and positive predictive values, hazard
ratio or any combination thercof, under cross-validation, bootstrapping or similar sampling
techniques, from a set of representative expression profiles from historical patient samples with
known drug response and/or resistance.

In one embodiment, the biomarkers are used to form a weighted sum of their signals,
where individual weights can be positive or negative. The resulting sum (“decisive function”) is
compared with a pre-determined reference point or value. The comparison with the reference
point or value may be used to diagnose, or predict a clinical condition or outcome.

As described above, one of ordinary skill in the art will appreciate that the biomarkers
included in the classifier provided in Table 1 will carry unequal weights in a classifier for
responsiveness or resistance to a therapeutic agent. Therefore, while as few as one sequence

may be used to diagnose or predict an outcome such as responsiveness to therapeutic agent, the
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specificity and sensitivity or diagnosis or prediction accuracy may increase using more
sequences.

As used herein, the term “weight” refers to the relative importance of an item in a
statistical calculation. The weight of each biomarker in a gene expression classifier may be
determined on a data set of patient samples using analytical methods known in the art.

In one embodiment the biomarker panel is directed to the 40 biomarkers detailed in
Table 2A with corresponding ranks and weights detailed in the table or alternative rankings and
weightings, depending, for example, on the discase setting. In another embodiment, the
biomarker panel is directed to the 44 biomarkers detailed in Table 2B with corresponding ranks
and weights detailed in the table or alternative rankings and weightings, depending, for example,
on the disease setting. Tables 2A and 2B rank the biomarkers in order of decreasing weight in
the classifier, defined as the rank of the average weight in the compound decision score function
measured under cross-validation. Table 2C present the probe sets that represent the genes in
Table 2A and 2B with reference to their sequence ID numbers. Table 2D presents the antisense

probe sequences that were present on the array for the genes in the signatures.

Table 2A
Gene IDs and EntrezGene IDs for 40-gene DDRD classifier model
with associated ranking and weightings

.0223
2 CXCL10 3627 0.021941734
3 IDO1 3620 0.020991115
4 MX1 4599 0.020098675
5 IFI44L 10964 0.018204957
6 CD2 914 0.018080661
7 PRAME 23532 0.016850837
8 ITGAL 3683 0.016783359
9 LRP4 4038 -0.015129969
10 SP140L 93349 0.014646025
11 APOL3 80833 0.014407174
12 FOSB 2354 -0.014310521
13 CDR1 1038 -0.014209848
14 RSAD2 91543 0.014177132
15 TSPAN7 7102 -0.014111562
16 RAC2 5880 0.014093627
17 FYB 2533 0.01400475
18 KLHDC7B 113730 0.013298413
19 GRB14 2888 0.013031204
20 KIF26A 26153 -0.012942351
21 CD274 29126 0.012651964
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22 CD109 135228 -0.012239425
23 ETV7 51513 0.011787297
24 MFAPS5 8076 -0.011480443
25 OLFM4 10562 -0.011130113
26 PI15 51050 -0.010904326
27 FAMI19A5 25817 -0.010500936
28 NLRCS5 84166 0.009593449
29 EGRI1 1958 -0.008947963
30 ANXA1 301 -0.008373991
31 CLDNI10 9071 -0.008165127
32 ADAMTS4 9507 -0.008109892
33 ESR1 2099 0.007524594
34 PTPRC 5788 0.007258669
35 EGFR 1956 -0.007176203
36 NATI1 9 0.006165534
37 LATS2 26524 -0.005951091
38 CYP2B6 1555 0.005838391
39 PPPIR1A 5502 -0.003898835
40 TERF1P1 348567 0.002706847
Table 2B

Gene IDs and EntrezGene IDs for 44-gene DDRD classifier model
with associated ranking and weightings

1 CXCL10 3627 0.023

2 MX1 4599 0.0226
3 IDO1 3620 0.0221
4 IFI44L 10964 0.0191
5 CD2 914 0.019

6 GBP5 115362 0.0181
7 PRAME 23532 0.0177
8 ITGAL 3683 0.0176
9 LRP4 4038 -0.0159
10 APOL3 80833 0.0151
11 CDRI1 1038 -0.0149
12 FYB 2533 -0.0149
13 TSPAN7 7102 0.0148
14 RAC2 5880 -0.0148
15 KLHDC7B 113730 0.014
16 GRB14 2888 0.0137
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17 ACI138128.1 N/A -0.0136
18 KIF26A 26153 -0.0136
19 CD274 29126 0.0133
20 CD109 135228 -0.0129
21 ETV7 51513 0.0124
22 MFAP5 8076 -0.0121
23 OLFM4 10562 -0.0117
24 PI15 51050 -0.0115
25 FOSB 2354 -0.0111
26 FAMI19A5 25817 0.0101
27 NLRC5 84166 -0.011
28 PRICKLE1 144165 -0.0089
29 EGR1 1958 -0.0086
30 CLDNI10 9071 -0.0086
31 ADAMTS4 9507 -0.0085
32 SP140L 93349 0.0084
33 ANXAI 301 -0.0082
34 RSAD2 91543 0.0081
35 ESR1 2099 0.0079
36 IKZF3 22806 0.0073
37 OR2I1P 442197 0.007
38 EGFR 1956 -0.0066
39 NATI 9 0.0065
40 LATS2 26524 -0.0063
41 CYP2B6 1555 0.0061
42 PTPRC 5788 0.0051
43 PPPIRIA 5502 -0.0041
44 AL137218.1 N/A -0.0017
Table 2C

Probe set IDs and SEQ Numbers for genes contained in

40- and 44-gene signature

FYB
CLDN10
PPP1R1A
P115
MFAP5

BRAD.10849_at
BRAD.10890_at
BRAD.11026_at
BRAD.12809_at
BRAD.14326_s_at
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ESR1
FYB
ESR1
TERF1P1
PRICKLE1
LATS2
IKZF3
MX1
CD274
FAM19A5
LATS2
EGFR
EGFR
EGFR
ANXA1
EGFR
KLHDC7B
IKZF3
PTPRC
TERF1P1
EGFR
FYB
PTPRC
EGFR
ESR1
EGFR
NAT1
FOSB
OR211P
ADAMTS4
CYP2B6
EGFR
ETV7
ANXA1
ESR1
EGFR
EGR1
ANXA1
NAT1
IF144L
MX1
ESR1
CD109
CXCL10
FYB
AC138128.1
TERF1P1
GBP5
EGR1
EGR1
ESR1
FYB
GBP5
NLRC5
GBP5
RSAD2
PTPRC
PTPRC
CD109
SP140L

BRAD.15436_s_at
BRAD.15833_s_at
BRAD.19080_s_at
BRAD.2707_at
BRAD.27716_s_at
BRAD.28628_s_at
BRAD.28643_at
BRAD.28663_s_at
BRAD.29038_at
BRAD.30917_at
BRAD.31470_at
BRAD.32716_at
BRAD.33042_at
BRAD.33341_at
BRAD.33405_at
BRAD.33431_at
BRAD.35695_at
BRAD.35710_at
BRAD.37907_at
BRAD.40353_at
BRAD.40654_s_at
BRAD.4701_at
BRAD.5967_at
BRAD.7701_at
BREM.1048_at
BREM.1129_at
BREM.1226_at
BREM.1262_at
BREM.130_at
BREM.1689_s_at
BREM.2334_at
BREM.2382_at
BREM.532_at
BRHP.106_s_at
BRIH.10647C1n2_at
BRIH.1453C1n2_at
BRIH.1518C1n4_at
BRIH.2770C3n31_at
BRIH.365C1n2_at
BRIH.5410C1n7_at
BRIH.5478C1n2_s_at
BRIH.5650C1n2_at
BRIH.5952C1n2_s_at
BRIH.7359C1n3_s_at
BRIHRC.10930C1n2_s_at
BRMX.13731C1n18_at
BRMX.25436C1n2_at
BRMX.25712C1n2_at
BRMX.3079C1n3_at
BRMX.3079C2n3_at
BRPD.10690C1n5_at
BRPD.4019C1n3_s_at
BRPD.5301C1n2_s_at
BRRS.12588_at
BRRS.13369_s_at
BRRS.13576_at
BRRS.13647_at
BRRS.13648_s_at
BRRS.13767_at
BRRS.13859_at
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88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
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KLHDC7B
APOL3
PRICKLE1
CLDN10
EGFR
EGFR
PRAME
TERF1P1
TERF1P1
AL137218.1
KIF26A
FYB
CXCL10
CD2
EGR1
IDO1
ITGAL
LRP4

MX1

MX1
RAC2
MFAPS
NAT1
CDR1
ANXA1
GRB14
TSPAN7
CYP2B6
ADAMTS4
EGFR
OLFM4
FOSB
PPP1R1A
PPP1R1A
IF144L
CD274
LATS2
ESR1
ESR1
FAM19A5
P115
ETV7
EGR1
RAC2
SP140L
EGFR
ANXA1
GBP5
TERF1P1
TERF1P1
PRICKLE1
PRICKLE1
NLRC5
TERF1P1
RSAD2

BRRS.13881_at
BRRS.14465_s_at
BRRS.15053_at
BRRS.16228 s_at
BRRS.16746_s_at
BRRS.16747_at
BRRS.16948_s_at
BRRS.17863_s_at
BRRS.17909_s_at
BRRS.18137_at
BRRS.18652_s_at
BRRS.2573_s_at
BRRS.2644_at
BRRS.2783_s_at
BRRS.2935_at
BRRS.3099_at
BRRS.3131_at
BRRS.3220_at
BRRS.3319_at
BRRS.3319_s_at
BRRS.3645_s_at
BRRS.4126_s_at
BRRS.455_at
BRRS.4562_at
BRRS.487_s_at
BRRS.4891_s_at
BRRS.4996_at
BRRS.524 s_at
BRRS.5356_at
BRRS.5451_at
BRRS.6371_at
BRRS.6611_at
BRRS.6619_at
BRRS.6619-22_at
BRRS.6684_at
BRRS.7616_at
BRRS.7901_at
BRRS.81_at
BRRS.81-22_at
BRRS.8480_s_at
BRRS.8711_at
BRRS.8900_s_at
BRSA.1686C1n5_at
BRSA.8072C1n2_s_at
Hs369056.20C1n2_at
Hs488293.0CB1n69_at
Hs494173.0CB4n15_at
Hs513726.0C2n39_s_at
Hs514006.0C1n8_at
Hs522202.0C1n6_at
Hs524348.0CB1n97_at
Hs524348.2C1n5_s_at
Hs528836.0C1n3_s_at
Hs591893.1C1n4_s_at
Hs7155.0CB1n102_at
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148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
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174
175
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180
181
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185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
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Table 2D
Almac IDs and Almac Gene symbol and SEQ ID numbers

for antisense probe sets in 40-gene signature
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ANXA1
ANXA1
APOL3
CD109
CD2
CD274
CD274
CDR1
CDR1
CLDN10
CLDN10
CXCL10
CXCL10
CYP2B6
EGFR
EGFR
EGFR
EGFR
EGFR
EGR1
EGR1
ESR1
ESR1
ESR1
ETV7
FAM19A5
FOSB
FOSB
FYB
FYB
GBP5
GBP5
GRB14
IDO1
IF144L
IF144L
IF144L
ITGAL
ITGAL
ITGAL
KIF26A
KLHDC7B
KLHDC7B
LATS2
LATS2
LRP4
MFAP5

ADAMTS4 9507

301
301
80833
135228
914
29126
29126
1038
1038
9071
9071
3627
3627
1555
1956
1956
1956
1956
1956
1958
1958
2099
2099
2099
51513
25817
2354
2354
2533
2533
115362
115362
2888
3620
10964
10964
10964
3683
3683
3683
26153
113730
113730
26524
26524
4038
8076

AS1_ANXA1

AS1_CD274

AS1_CDR1

AS1_CLDN10

AS1_CXCL10

AS1_EGFR
AS2_EGFR
AS3_EGFR
AS4_EGFR
AS1_EGR1

AS1_ESR1
AS2_ESR1

AS1_FOSB
AS1_FYB

AS1_GBP5

AS1_IFI44L
AS2_IFl44L

AS1_ITGAL
AS2_ITGAL

AS1_KLHDC7B

AS1_LATS2

BRAD.33405_at

Hs584242.2C1n64_at

BRRS1RC_NM_004065_at 53

BRRS.8182_at
BRMX.13815C1n5_at
BRMX.2637C1n26_at
BRAD.36737_at
BRAD.3853_at
BRAD1_19760734_at
BRMX.2797C4n2_at

BRMX.10399C1n5_at
BRMX.8912C1n3_at

BRMX.13731C1n18_at
BRAD.25947_at

BRMX.5143C1n2(2)_at

Hs633116.0C1n30_at
BRSA.1606C1n4(2)_at

BRAD.41047_at
BRAD .4420_at
Hs137007.0C1n9_at

BRSA.18050C1n3_at
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54
55
56
57
58
59
60

61
62

63

64

65

66
67

68

69

70
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MX1 4599

MX1 4599 AS1_MX1 BRMX.2948C3n7(2)_at 72
MX1 4599 AS2_MX1 Hs43047.0C4n40_at 73
MX1 4599 AS2_MX1 Hs926.1C10n7_at 74
NAT1 9

NLRC5 84166

NLRC5 84166 AS1_NLRC5 Hs528836.0CB6n98_s_at 75
OLFM4 10562

OLFM4 10562 AS1_OLFM4 BRMX.7284C1n6_at 76
P115 51050

P115 51050 AS1_PI15 BRAD1_19751014_at 77

PPP1R1A 5502
PRAME 23532
PTPRC 5788
RAC2 5880
RAC2 5880 AS1_RAC2 BRMX.13502C1n6_at 78
RSAD2 91543
SP140L 93349

SP140L 93349 AS1_SP140L BRMX.1111C4n3_at 79
SP140L 93349 AS2_SP140L Hs369056.9C26n3_at 80
TERF1P1 348567

TERF1P1 348567 AS1_TERF1P1 BRMX.24432C1n2_at 81
TERF1P1 348567 AS2_TERF1P1 BRRS.17773_at 82

TSPAN7 7102

In different embodiments, subsets of the biomarkers listed in Table 2A and Table 2B
may be used in the methods described herein. These subsets include but are not limited to
biomarkers ranked 1-2, 1-3, 1-4, 1-5, 1-10, 1-20, 1-30, 1-40, 1-44, 6-10, 11-15, 16-20, 21-25,
26-30, 31-35, 36-40, 36-44, 11-20, 21-30, 31-40, and 31-44 in Table 2A or Table 2B. In one
aspect, therapeutic responsiveness is predicted in an individual by conducting an assay on a
biological sample from the individual and detecting biomarker values that each correspond to at
least one of the biomarkers GBP5, CXCL10, IDO1 and MXI1 and at least N additional
biomarkers selected from the list of biomarkers in Table 2B, wherein N equals 2, 3, 4, 5, 6, 7, 8,
9,10,11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34,
35, or 36. As used herein, the term “biomarker” can refer to a gene, an mRNA, ¢cDNA, an
antisense transcript, a miRNA, a polypeptide, a protein, a protein fragment, or any other nucleic
acid sequence or polypeptide sequence that indicates either gene expression levels or protein
production levels. In some embodiments, when referring to a biomarker of CXCL10, IDOI,
CD2, GBP5, PRAME, ITGAL, LRP4, APOL3, CDRI1, FYB, TSPAN7, RAC2, KLHDC7B,
GRB14, AC138128.1, KIF26A, CD274, ETV7, MFAP5, OLFM4, PI15, FOSB, FAMI19AS5,
NLRCS5, PRICKLE1, EGR1, CLDN10, ADAMTS4, SP140L, ANXA1, RSAD2, ESR1, IKZF3,
OR2I1P, EGFR, NATI1, LATS2, CYP2B6, PTPRC, PPP1R1A, or AL137218.1, the biomarker
comprises an mRNA of CXCL10, IDO1, CD2, GBP5, PRAME, ITGAL, LRP4, APOL3, CDRI,
FYB, TSPAN7, RAC2, KLHDC7B, GRB14, AC138128.1, KIF26A, CD274, ETV7, MFAPS,
OLFM4, PI15, FOSB, FAMI19A5, NLRC5, PRICKLE1, EGR1, CLDNI10, ADAMTS4,
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SP140L, ANXAI, RSAD2, ESR1, IKZF3, OR2I1P, EGFR, NATI, LATS2, CYP2B6, PTPRC,

PPPIRIA, or AL137218.1, respectively. In further or other embodiments, when referring to a
biomarker of MX1, GBP5, IF144L, BIRC3, 1GJ, IQGAP3, LOC100294459, SIX1, SLCY9A3R1,
STATI1, TOBI1, UBD, C1QC, C2orf14, EPSTI, GALNT6, HIST1H4H, HIST2H4B, KIAA1244,
LOC100287927, LOC100291682, or LOC100293679, the biomarker comprises an antisense
transcript of MX1, IFI44L, GBP5, BIRC3, 1GJ, IQGAP3, LOC100294459, SIX1, SLCY9A3R1,
STATI1, TOBI1, UBD, C1QC, C2orf14, EPSTI, GALNT6, HIST1H4H, HIST2H4B, KIAA1244,
LOC100287927, LOC100291682, or LOC100293679, respectively.

In a further aspect, therapeutic responsiveness is predicted, or a cancer diagnosis is
indicated, in an individual by conducting an assay on a biological sample from the individual
and detecting biomarker values that each correspond to the biomarkers GBP5, CXCL10, IDO1
and MX1 and one of at least N additional biomarkers selected from the list of biomarkers in
Table 2B, wherein N equals 2, 3,4, 5,6,7,8,9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22,
23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, or 36. In a further aspect, therapeutic
responsiveness is predicted, or a cancer diagnosis is indicated, in an individual by conducting an
assay on a biological sample from the individual and detecting biomarker values that each
correspond to the biomarker GBPS and one of at least N additional biomarkers selected from the
list of biomarkers in Table 2B, wherein N equals 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16,
17, 18, 29, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35,36, 37,38 or 39. In a
further aspect, therapeutic responsiveness is predicted, or a cancer diagnosis is indicated, in an
individual by conducting an assay on a biological sample from the individual and detecting
biomarker values that cach correspond to the biomarker CXCL10 and one of at least N
additional biomarkers selected from the list of biomarkers in Table 2B, wherein N equals 2, 3, 4,
5,6,7,8,9,10, 11, 12, 13, 14, 15, 16, 17, 18, 29, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31,
32, 33, 34, 35, 36, 37, 38 or 39. In a further aspect, therapeutic responsiveness is predicted, or a
cancer diagnosis is indicated, in an individual by conducting an assay on a biological sample
from the individual and detecting biomarker values that each correspond to the biomarker IDO1
and one of at least N additional biomarkers sclected from the list of biomarkers in Table 2B,
wherein N equals 2, 3,4, 5,6, 7,8,9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 29, 20, 21, 22, 23, 24,
25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38 or 39. In a further aspect, therapeutic
responsiveness is predicted, or a cancer diagnosis is indicated, in an individual by conducting an
assay on a biological sample from the individual and detecting biomarker values that each
correspond to the biomarker MX-1 and one of at least N additional biomarkers selected from the
list of biomarkers in Table 2B, wherein N equals 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16,
17,18, 29, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38 or 39.
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In a further aspect, therapeutic responsiveness is predicted, or a cancer diagnosis is
indicated, in an individual by conducting an assay on a biological sample from the individual
and detecting biomarker values that each correspond to at least two of the biomarkers CXCL10,
MXI1, IDO1 and IFI44L and at lecast N additional biomarkers seclected from the list of
biomarkers in Table 2B, wherein N equals 2, 3,4, 5,6, 7, 8,9, 10, 11, 12, 13, 14, 15, 16, 17, 18,
19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, or 40. In a further
aspect, therapeutic responsiveness is predicted, or a cancer diagnosis is indicated, in an
individual by conducting an assay on a biological sample from the individual and detecting
biomarker values that each correspond to the biomarkers CXCL10, MX1, IDOI and IF144L and
one of at lcast N additional biomarkers selected from the list of biomarkers in Table 2B, wherein
Nequals 2,3,4,5,6,7,8,9,10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27,
28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, or 40. In a further aspect, therapeutic
responsiveness is predicted, or a cancer diagnosis is indicated, in an individual by conducting an
assay on a biological sample from the individual and detecting biomarker values that each
correspond to the biomarker CXCL10 and one of at least N additional biomarkers selected from
the list of biomarkers in Table 2B, wherein N equals 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15,
16,17, 18, 29, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41,
42 or 43. In a further aspect, therapeutic responsiveness is predicted, or a cancer diagnosis is
indicated, in an individual by conducting an assay on a biological sample from the individual
and detecting biomarker values that each correspond to the biomarker MX1 and one of at least N
additional biomarkers selected from the list of biomarkers in Table 2B, wherein N equals 2, 3, 4,
5,6,7,8,9,10, 11, 12, 13, 14, 15, 16, 17, 18, 29, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31,
32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42 or 43. In a further aspect, therapeutic responsiveness is
predicted, or a cancer diagnosis is indicated, in an individual by conducting an assay on a
biological sample from the individual and detecting biomarker values that each correspond to
the biomarker IDO1 and one of at least N additional biomarkers selected from the list of
biomarkers in Table 2B, wherein N equals 2, 3,4, 5,6, 7, 8,9, 10, 11, 12, 13, 14, 15, 16, 17, 18,
29, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42 or 43.
In a further aspect, therapeutic responsiveness is predicted, or a cancer diagnosis is indicated, in
an individual by conducting an assay on a biological sample from the individual and detecting
biomarker values that each correspond to the biomarker IFI144L and one of at least N additional
biomarkers selected from the list of biomarkers in Table 2B, wherein N equals 2, 3, 4, 5, 6, 7, 8,
9,10,11, 12, 13, 14, 15, 16, 17, 18, 29, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34,
35, 36, 37, 38, 39, 40, 41, 42 or 43.
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In other embodiments, the probes listed in Table 2C (SEQ ID NOs:83-202), or subsets

thereof, may be used in the methods described herein. These subsets include but are not limited
to a subset of SEQ ID NOs corresponding to one or more of GBP5, CXCL10, IDO1, MXI,
IF1441, CD2, PRAME, ITGAL, LRP4, and APOL3. In other embodiments, the probes
correspond to all of the biomarkers CXCL10, MX1, IDO1, IF144L, CD2, GBP5, PRAME,
ITGAL, LRP4, APOL3, CDRI1, FYB, TSPAN7, RAC2, KLHDC7B, GRB14, AC138128.1,
KIF26A, CD274, CD109, ETV7, MFAPS, OLFM4, PI15, FOSB, FAMI19AS, NLRCS,
PRICKLE1, EGR1, CLDN10, ADAMTS4, SP140L, ANXA1, RSAD2, ESR1, IKZF3, OR211P,
EGFR, NAT1, LATS2, CYP2B6, PTPRC, PPP1R 1A, and AL137218.1. It should be understood
that each subset can include multiple probes directed to the same biomarker. For example, the
probes represented by SEQ ID NOs: 135, 140, 142 and 195 are all directed to GBPS.
Accordingly, a subset containing probes directed or corresponding to GBP5 includes one or
more of SEQ ID NOs: 135, 140, 142 and 195. A subset containing probes directed to or
corresponding to CXCL10 includes one or more of SEQ ID NOs: 131 and 160.

Measuring Gene Expression Using Classifier Models

A variety of methods have been utilized in an attempt to identify biomarkers and
diagnose disease. For protein-based markers, these include two-dimensional electrophoresis,
mass spectrometry, and immunoassay methods. For nucleic acid markers, these include mRNA
expression profiles, microRNA profiles, FISH, serial analysis of gene expression (SAGE),
methylation profiles, and large-scale gene expression arrays.

When a biomarker indicates or is a sign of an abnormal process, disease or other
condition in an individual, that biomarker is generally described as being either over-expressed
or under-expressed as compared to an expression level or value of the biomarker that indicates
or is a sign of a normal process, an absence of a disease or other condition in an individual. "Up-
regulation”, "up-regulated"”, "over-expression”, "over-expressed"”, and any variations thercof are
used interchangeably to refer to a value or level of a biomarker in a biological sample that is
greater than a value or level (or range of values or levels) of the biomarker that is typically
detected in similar biological samples from healthy or normal individuals. The terms may also
refer to a value or level of a biomarker in a biological sample that is greater than a value or level
(or range of values or levels) of the biomarker that may be detected at a different stage of a
particular disease.

"Down-regulation”, "down-regulated", "under-expression”, "under-expressed”, and any

variations thercof are used interchangeably to refer to a value or level of a biomarker in a
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biological sample that is less than a value or level (or range of values or levels) of the biomarker
that is typically detected in similar biological samples from healthy or normal individuals. The
terms may also refer to a value or level of a biomarker in a biological sample that is less than a
value or level (or range of values or levels) of the biomarker that may be detected at a different
stage of a particular disease.

Further, a biomarker that is either over-expressed or under-expressed can also be referred
to as being "differentially expressed” or as having a "differential level” or "differential value" as
compared to a "normal” expression level or value of the biomarker that indicates or is a sign of a
normal process or an absence of a disease or other condition in an individual. Thus, "differential
expression” of a biomarker can also be referred to as a variation from a "normal" expression
level of the biomarker.

The terms "differential biomarker expression” and "differential expression" are used
interchangeably to refer to a biomarker whose expression is activated to a higher or lower level
in a subject suffering from a specific disease, relative to its expression in a normal subject, or
relative to its expression in a patient that responds differently to a particular therapy or has a
different prognosis. The terms also include biomarkers whose expression is activated to a higher
or lower level at different stages of the same discase. It is also understood that a differentially
expressed biomarker may be either activated or inhibited at the nucleic acid level or protein
level, or may be subject to alternative splicing to result in a different polypeptide product. Such
differences may be evidenced by a variety of changes including mRNA levels, miRNA levels,
antisense transcript levels, or protein surface expression, secretion or other partitioning of a
polypeptide. Differential biomarker expression may include a comparison of expression between
two or more genes or their gene products; or a comparison of the ratios of the expression
between two or more genes or their gene products; or even a comparison of two differently
processed products of the same gene, which differ between normal subjects and subjects
suffering from a disease; or between various stages of the same disease. Differential expression
includes both quantitative, as well as qualitative, differences in the temporal or cellular
expression pattern in a biomarker among, for example, normal and diseased cells, or among
cells which have undergone different disecase events or disecase stages.

In certain embodiments, the expression profile obtained is a genomic or nucleic acid
expression profile, where the amount or level of one or more nucleic acids in the sample is
determined. In these embodiments, the sample that is assayed to generate the expression profile
employed in the diagnostic or prognostic methods is one that is a nucleic acid sample. The
nucleic acid sample includes a population of nucleic acids that includes the expression

information of the phenotype determinative biomarkers of the cell or tissue being analyzed. In
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some embodiments, the nucleic acid may include RNA or DNA nucleic acids, e.g.,, mRNA,
cRNA, cDNA etc., so long as the sample retains the expression information of the host cell or
tissue from which it is obtained. The sample may be prepared in a number of different ways, as
is known in the art, e.g., by mRNA isolation from a cell, where the isolated mRNA is used as
isolated, amplified, or employed to prepare cDNA, cRNA, etc., as is known in the field of
differential gene expression. Accordingly, determining the level of mRNA in a sample includes
preparing cDNA or cRNA from the mRNA and subsequently measuring the cDNA or cRNA.
The sample is typically prepared from a cell or tissue harvested from a subject in need of
treatment, e.g., via biopsy of tissue, using standard protocols, where cell types or tissues from
which such nucleic acids may be generated include any tissue in which the expression pattern of
the to be determined phenotype exists, including, but not limited to, disease cells or tissue, body
fluids, etc.

The expression profile may be generated from the initial nucleic acid sample using any
convenient protocol. While a variety of different manners of generating expression profiles are
known, such as those employed in the field of differential gene expression/biomarker analysis,
one representative and convenient type of protocol for generating expression profiles is array-
based gene expression profile generation protocols. Such applications are hybridization assays in
which a nucleic acid that displays "probe" nucleic acids for each of the genes to be
assayed/profiled in the profile to be generated is employed. In these assays, a sample of target
nucleic acids is first prepared from the initial nucleic acid sample being assayed, where
preparation may include labeling of the target nucleic acids with a label, ¢.g., a member of a
signal producing system. Following target nucleic acid sample preparation, the sample is
contacted with the array under hybridization conditions, whereby complexes are formed
between target nucleic acids that are complementary to probe sequences attached to the array
surface. The presence of hybridized complexes is then detected, either qualitatively or
quantitatively. Specific hybridization technology which may be practiced to generate the
expression profiles employed in the subject methods includes the technology described in U.S.
Pat. Nos. 5,143,854; 5,288,644; 5,324,633; 5,432,049; 5,470,710; 5,492,806, 5,503,980;
5,510,270, 5,525,464, 5,547,839; 5,580,732; 5,661,028; 5,800,992; the disclosures of which are
herein incorporated by reference; as well as WO 95/21265; WO 96/31622; WO 97/10365; WO
97/27317; EP 373 203; and EP 785 280. In these methods, an array of "probe" nucleic acids that
includes a probe for each of the biomarkers whose expression is being assayed is contacted with
target nucleic acids as described above. Contact is carried out under hybridization conditions,
e.g., stringent hybridization conditions as described above, and unbound nucleic acid is then

removed. The resultant pattern of hybridized nucleic acids provides information regarding
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expression for each of the biomarkers that have been probed, where the expression information
is in terms of whether or not the gene is expressed and, typically, at what level, where the

expression data, i.c., expression profile, may be both qualitative and quantitative.

Creating a Biomarker Expression Classifier

In one embodiment, the relative expression levels of biomarkers in a cancer tissue are
measured to form a gene expression profile. The gene expression profile of a set of biomarkers
from a patient tissue sample is summarized in the form of a compound decision score and
compared to a score threshold that is mathematically derived from a training set of patient data.
The score threshold separates a patient group based on different characteristics such as, but not
limited to, responsiveness/non-responsiveness to treatment. The patient training set data is
preferably derived from cancer tissue samples having been characterized by prognosis,
likelihood of recurrence, long term survival, clinical outcome, treatment response, diagnosis,
cancer classification, or personalized genomics profile. Expression profiles, and corresponding
decision scores from patient samples may be correlated with the characteristics of patient
samples in the training set that are on the same side of the mathematically derived score decision
threshold. The threshold of the linear classifier scalar output is optimized to maximize the sum
of sensitivity and specificity under cross-validation as observed within the training dataset.

The overall expression data for a given sample is normalized using methods known to
those skilled in the art in order to correct for differing amounts of starting material, varying
efficiencies of the extraction and amplification reactions, etc. Using a linear classifier on the
normalized data to make a diagnostic or prognostic call (e.g. responsiveness or resistance to
therapeutic agent) effectively means to split the data space, i.e. all possible combinations of
expression values for all genes in the classifier, into two disjoint halves by means of a separating
hyperplane. This split is empirically derived on a large set of training examples, for example
from patients showing responsiveness or resistance to a therapeutic agent. Without loss of
generality, one can assume a certain fixed set of values for all but one biomarker, which would
automatically define a threshold value for this remaining biomarker where the decision would
change from, for example, responsiveness or resistance to a therapeutic agent. Expression values
above this dynamic threshold would then either indicate resistance (for a biomarker with a
negative weight) or responsiveness (for a biomarker with a positive weight) to a therapeutic
agent. The precise value of this threshold depends on the actual measured expression profile of
all other biomarkers within the classifier, but the general indication of certain biomarkers

remains fixed, i.e. high values or “relative over-expression” always contributes to either a
) y
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responsiveness (genes with a positive weight) or resistance (genes with a negative weights).
Therefore, in the context of the overall gene expression classifier, relative expression can
indicate if either up- or down-regulation of a certain biomarker is indicative of responsiveness or
resistance to a therapeutic agent.

In one embodiment, the biomarker expression profile of a patient tissue sample is
evaluated by a linear classifier. As used herein, a linear classifier refers to a weighted sum of
the individual biomarker intensities into a compound decision score (“decision function”). The
decision score is then compared to a pre-defined cut-off score threshold, corresponding to a
certain set-point in terms of sensitivity and specificity which indicates if a sample is above the
score threshold (decision function positive) or below (decision function negative).

Effectively, this means that the data space, i.e. the set of all possible combinations of
biomarker expression values, is split into two mutually exclusive halves corresponding to
different clinical classifications or predictions, e.g. one corresponding to responsiveness to a
therapeutic agent and the other to resistance. In the context of the overall classifier, relative
over-expression of a certain biomarker can either increase the decision score (positive weight) or
reduce it (negative weight) and thus contribute to an overall decision of, for example,
responsiveness or resistance to a therapeutic agent.

The term "area under the curve” or "TAUC" refers to the area under the curve of a receiver
operating characteristic (ROC) curve, both of which are well known in the art. AUC measures
are useful for comparing the accuracy of a classifier across the complete data range. Classifiers
with a greater AUC have a greater capacity to classify unknowns correctly between two groups
of interest (e.g., ovarian cancer samples and normal or control samples). ROC curves are useful
for plotting the performance of a particular feature (e.g., any of the biomarkers described herein
and/or any item of additional biomedical information) in distinguishing between two
populations (e.g., individuals responding and not responding to a therapeutic agent). Typically,
the feature data across the entire population (e.g., the cases and controls) are sorted in ascending
order based on the value of a single feature. Then, for each value for that feature, the true
positive and false positive rates for the data are calculated. The true positive rate is determined
by counting the number of cases above the value for that feature and then dividing by the total
number of cases. The false positive rate is determined by counting the number of controls above
the value for that feature and then dividing by the total number of controls. Although this
definition refers to scenarios in which a feature is elevated in cases compared to controls, this
definition also applies to scenarios in which a feature is lower in cases compared to the controls
(in such a scenario, samples below the value for that feature would be counted). ROC curves can

be generated for a single feature as well as for other single outputs, for example, a combination
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of two or more features can be mathematically combined (e.g., added, subtracted, multiplied,
etc.) to provide a single sum value, and this single sum value can be plotted in a ROC curve.
Additionally, any combination of multiple features, in which the combination derives a single
output value, can be plotted in a ROC curve. These combinations of features may comprise a
test. The ROC curve is the plot of the true positive rate (sensitivity) of a test against the false
positive rate (1-specificity) of the test.

The interpretation of this quantity, i.e. the cut-off threshold responsiveness or resistance
to a therapeutic agent, is derived in the development phase (“training”) from a set of patients
with known outcome. The corresponding weights and the responsiveness/resistance cut-off
threshold for the decision score are fixed a priori from training data by methods known to those
skilled in the art. In a preferred embodiment of the present method, Partial Least Squares
Discriminant Analysis (PLS-DA) is used for determining the weights. (L. Stdhle, S. Wold, J.
Chemom. 1 (1987) 185-196; D. V. Nguyen, D.M. Rocke, Bioinformatics 18 (2002) 39-50).
Other methods for performing the classification, known to those skilled in the art, may also be
with the methods described herein when applied to the transcripts of a cancer classifier.

Different methods can be used to convert quantitative data measured on these biomarkers
into a prognosis or other predictive use. These methods include, but not limited to methods
from the fields of pattern recognition (Duda et al. Pattern Classification, 2™ ed., John Wiley,
New York 2001), machine learning (Scholkopf et al. Learning with Kernels, MIT Press,
Cambridge 2002, Bishop, Neural Networks for Pattern Recognition, Clarendon Press, Oxford
1995), statistics (Hastie et al. The Elements of Statistical Learning, Springer, New York 2001),
bioinformatics (Dudoit et al., 2002, J. Am. Statist. Assoc. 97:77-87, Tibshirani et al., 2002, Proc.
Natl. Acad. Sci. USA 99:6567-6572) or chemometrics (Vandeginste, et al., Handbook of
Chemometrics and Qualimetrics, Part B, Elsevier, Amsterdam 1998).

In a training step, a set of patient samples for both responsiveness/resistance cases are
measured and the prediction method is optimised using the inherent information from this
training data to optimally predict the training set or a future sample set. In this training step, the
used method is trained or parameterised to predict from a specific intensity pattern to a specific
predictive call. Suitable transformation or pre-processing steps might be performed with the
measured data before it is subjected to the prognostic method or algorithm.

In a preferred embodiment of the invention, a weighted sum of the pre-processed
intensity values for each transcript is formed and compared with a threshold value optimised on
the training set (Duda et al. Pattern Classification, 2™ ed., John Wiley, New York 2001). The
weights can be derived by a multitude of linear classification methods, including but not limited

to Partial Least Squares (PLS, (Nguyen et al., 2002, Bioinformatics 18 (2002) 39-50)) or
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Support Vector Machines (SVM, (Scholkopf et al. Learning with Kernels, MIT Press,

Cambridge 2002)).

In another embodiment of the invention, the data is transformed non-linearly before
applying a weighted sum as described above. This non-linear transformation might include
increasing the dimensionality of the data. The non-linear transformation and weighted
summation might also be performed implicitly, e.g. through the use of a kernel function.
(Scholkopf et al. Learning with Kernels, MIT Press, Cambridge 2002).

In another embodiment of the invention, a new data sample is compared with two or
more class prototypes, being either real measured training samples or artificially created
prototypes. This comparison is performed using suitable similarity measures, for example, but
not limited to Euclidean distance (Duda et al. Pattern Classification, ond ed., John Wiley, New
York 2001), correlation coefficient (Van’t Veer, et al. 2002, Nature 415:530) etc. A new sample
is then assigned to the prognostic group with the closest prototype or the highest number of
prototypes in the vicinity.

In another embodiment of the invention, decision trees (Hastie et al., The Elements of
Statistical Learning, Springer, New York 2001) or random forests (Breiman, Random Forests,
Machine Learning 45:5 2001) are used to make a prognostic call from the measured intensity
data for the transcript set or their products.

In another embodiment of the invention neural networks (Bishop, Neural Networks for
Pattern Recognition, Clarendon Press, Oxford 1995) are used to make a prognostic call from the
measured intensity data for the transcript set or their products.

In another embodiment of the invention, discriminant analysis (Duda et al., Pattern
Classification, 2™ ed., John Wiley, New York 2001), comprising but not limited to linear,
diagonal linear, quadratic and logistic discriminant analysis, is used to make a prognostic call
from the measured intensity data for the transcript set or their products.

In another embodiment of the invention, Prediction Analysis for Microarrays (PAM,
(Tibshirani et al., 2002, Proc. Natl. Acad. Sci. USA 99:6567-6572)) is used to make a prognostic
call from the measured intensity data for the transcript set or their products.

In another embodiment of the invention, Soft Independent Modelling of Class Analogy
(SIMCA, (Wold, 1976, Pattern Recogn. 8:127-139)) is used to make a predictive call from the

measured intensity data for the transcript set or their products.

Therapeutic agents
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As described above, the methods described herein permit the classification of a patient as
responsive or non-responsive to a therapeutic agent that targets tumors with abnormal DNA
repair (hereinafter referred to as a“DNA-damage therapeuticagent”). As used herein “DNA-
damagetherapeutic agent” includes agents known to damage DNA directly, agents that prevent
DNA damage repair, agents that inhibit DNA damage signaling, agents that inhibit DNA
damage induced cell cycle arrest, and agents that inhibit processes indirectly leading to DNA
damage. Some current such therapeutics used to treat cancer include, but are not limited to, the

following DNA-damage therapeuticagents.

1) DNA damaging agents:
a. Alkylating agents (platinum containing agents such as cisplatin, carboplatin, and
oxaliplatin; cyclophosphamide; busulphan).
b. Topoisomerase I inhibitors (irinotecan; topotecan)
c. Topisomerase II inhibitors (etoposide;anthracylcines such as doxorubicin and
epirubicin)

d. lonising radiation

2) DNA repair targeted therapies

a. Inhibitors of Non-homologous end-joining (DNA-PK inhibitors, Nu7441,
NU7026)

b. Inhibitors of homologous recombination

c. Inhibitors of nucleotide excision repair

d. Inhibitors of base excision repair (PARP inhibitors, AG014699, AZD2281, ABT-
888, MK4827, BSI-201, INO-1001, TRC-102, APEX 1 inhibitors, APEX 2
inhibitors, Ligase Il inhibitors

¢. Inhibitors of the Fanconi anemia pathway

3) Inhibitors of DNA damage signalling
a. ATM inhibitors (CP466722, KU-55933)
b. CHK 1 inhibitors (XL-844,UCN-01, AZD7762, PF00477736)
c. CHK 2 inhibitors (XL-844, AZD7762, PF00477736)

4) Inhibitors of DNA damage induced cell cycle arrest
a. Weel kinase inhibitors

b. CDC25a, b or ¢ inhibitors
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5) Inhibition of processes indirectly leading to DNA damage
a. Histone deacetylase inhibitors

b. Heat shock protein inhibitors (geldanamycin, AUY922),

Diseases and Tissue Sources

The predictive classifiers described herein are useful for determining responsiveness or
resistance to a therapeutic agentfor treating cancer. The biological pathway described herein is a
feature of cancer itself, similar to grade and stage, and as such, is not limited to a single cancer
disease type.Therefore, the collection of genes or gene products may be used to predict
responsiveness of cancer therapeutics across different cancer types in different tissues. In one
embodiment, this collection of genes or gene products is useful for evaluating both breast and
ovarian cancer tumors.

As used herein, cancer includes, but is not limited to, leukemia, brain cancer, prostate
cancer, liver cancer, ovarian cancer, stomach cancer, colorectal cancer, throat cancer, breast
cancer, skin cancer, melanoma, lung cancer, sarcoma, cervical cancer, testicular cancer, bladder
cancer, endocrine cancer, endometrial cancer, esophageal cancer, glioma, lymphoma,
neuroblastoma, osteosarcoma, pancreatic cancer, pituitary cancer, renal cancer, and the like.

In one embodiment, the methods described herein refer to cancers that are treated with
chemotherapeutic agents of the classes DNA damaging agents, DNA repair target therapies,
inhibitors of DNA damage signalling, inhibitors of DNA damage induced cell cycle arrest and
inhibition of processes indirectly leading to DNA damage, but not limited to these classes. Each
of these chemotherapeutic agents is considered a “DNA-damage therapeutic agent” as the term
is used herein.

"Biological sample", "sample”, and "test sample" are used interchangeably herein to
refer to any material, biological fluid, tissue, or cell obtained or otherwise derived from an
individual. This includes blood (including whole blood, leukocytes, peripheral blood
mononuclear cells, buffy coat, plasma, and serum), sputum, tears, mucus, nasal washes, nasal
aspirate, breath, urine, semen, saliva, meningeal fluid, amniotic fluid, glandular fluid, lymph
fluid, nipple aspirate, bronchial aspirate, synovial fluid, joint aspirate, ascites, cells, a cellular
extract, and cerebrospinal fluid. This also includes experimentally separated fractions of all of
the preceding. For example, a blood sample can be fractionated into serum or into fractions
containing particular types of blood cells, such as red blood cells or white blood cells
(leukocytes). If desired, a sample can be a combination of samples from an individual, such as a

combination of a tissue and fluid sample. The term "biological sample” also includes materials
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containing homogenized solid material, such as from a stool sample, a tissue sample, or a tissue
biopsy, for example. The term "biological sample" also includes materials derived from a tissue
culture or a cell culture. Any suitable methods for obtaining a biological sample can be
employed; exemplary methods include, e.g., phlebotomy, swab (e.g., buccal swab), and a fine
needle aspirate biopsy procedure. Samples can also be collected, e.g., by micro dissection (e.g.,
laser capture micro dissection (LCM) or laser micro dissection (LMD)), bladder wash, smear
(c.g., a PAP smear), or ductal lavage. A "biological sample" obtained or derived from an
individual includes any such sample that has been processed in any suitable manner after being
obtained from the individual.

In such cases, the target cells may be tumor cells, for example colon cancer cells or
stomach cancer cells. The target cells are derived from any tissue source, including human and
animal tissue, such as, but not limited to, a newly obtained sample, a frozen sample, a biopsy
sample, a sample of bodily fluid, a blood sample, preserved tissue such as a paraffin-embedded

fixed tissue sample (i.c., a tissue block), or cell culture.

Methods and Kits

Kits for Gene Expression Analysis

Reagents, tools, and/or instructions for performing the methods described herein can be
provided in a kit. For example, the kit can contain reagents, tools, and instructions for
determining an appropriate therapy for a cancer patient. Such a kit can include reagents for
collecting a tissue sample from a patient, such as by biopsy, and reagents for processing the
tissue. The kit can also include one or more reagents for performing a biomarker expression
analysis, such as reagents for performing RT-PCR, qPCR, northern blot, proteomic analysis, or
immunohistochemistry to determine expression levels of biomarkers in a sample of a patient.
For example, primers for performing RT-PCR, probes for performing northern blot analyses,
and/or antibodies for performing proteomic analysis such as Western blot,
immunohistochemistry and ELISA analyses can be included in such kits. Appropriate buffers
for the assays can also be included. Detection reagents required for any of these assays can also
be included. The appropriate reagents and methods are described in further detail below.

The kits featured herein can also include an instruction sheet describing how to perform
the assays for measuring biomarker expression. The instruction sheet can also include
instructions for how to determine a reference cohort, including how to determine expression

levels of biomarkers in the reference cohort and how to assemble the expression data to establish
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a reference for comparison to a test patient. The instruction sheet can also include instructions
for assaying biomarker expression in a test patient and for comparing the expression level with
the expression in the reference cohort to subsequently determine the appropriate chemotherapy
for the test patient. Methods for determining the appropriate chemotherapy are described above
and can be described in detail in the instruction sheet.

Informational material included in the kits can be descriptive, instructional, marketing or
other material that relates to the methods described herein and/or the use of the reagents for the
methods described herein. For example, the informational material of the kit can contain contact
information, e.g., a physical address, email address, website, or telephone number, where a user
of the kit can obtain substantive information about performing a gene expression analysis and
interpreting the results, particularly as they apply to a human's likelihood of having a positive
response to a specific therapeutic agent.

The kits featured herein can also contain software necessary to infer a patient’s
likelihood of having a positive response to a specific therapeutic agent from the biomarker

expression.

a) Gene expression profiling methods

Measuring mRNA in a biological sample may be used as a surrogate for detection of the
level of the corresponding protein in the biological sample. Thus, any of the biomarkers or
biomarker panels described herein can also be detected by detecting the appropriate RNA.
Methods of gene expression profiling include, but are not limited to, microarray, RT-PCT,
qPCR, northern blots, SAGE, mass spectrometry.

mRNA expression levels are measured by reverse transcription quantitative polymerase
chain reaction (RT-PCR followed with qPCR). RT-PCR is used to create a cDNA from the
mRNA. The ¢cDNA may be used in a qPCR assay to produce fluorescence as the DNA
amplification process progresses. By comparison to a standard curve, qPCR can produce an
absolute measurement such as number of copies of mRNA per cell. Northern blots, microarrays,
Invader assays, and RT-PCR combined with capillary electrophoresis have all been used to
measure expression levels of mRNA in a sample. See Gene Expression Profiling: Methods and
Protocols, Richard A. Shimkets, editor, Humana Press, 2004.

miRNA molecules are small RNAs that are non-coding but may regulate gene
expression. Any of the methods suited to the measurement of mRNA expression levels can also
be used for the corresponding miRNA. Recently many laboratories have investigated the use of

miRNAs as biomarkers for discase. Many diseases involve widespread transcriptional
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regulation, and it is not surprising that miRNAs might find a role as biomarkers. The connection
between miRNA concentrations and disease is often even less clear than the connections
between protein levels and disease, yet the value of miRNA biomarkers might be substantial. Of
course, as with any RNA expressed differentially during disease, the problems facing the
development of an in vitro diagnostic product will include the requirement that the miRNAs
survive in the diseased cell and are easily extracted for analysis, or that the miRNAs are released
into blood or other matrices where they must survive long enough to be measured. Protein
biomarkers have similar requirements, although many potential protein biomarkers are secreted
intentionally at the site of pathology and function, during disease, in a paracrine fashion. Many
potential protein biomarkers are designed to function outside the cells within which those
proteins are synthesized.

Gene expression may also be evaluated using mass spectrometry methods. A variety of
configurations of mass spectrometers can be used to detect biomarker values. Several types of
mass spectrometers are available or can be produced with various configurations. In general, a
mass spectrometer has the following major components: a sample inlet, an ion source, a mass
analyzer, a detector, a vacuum system, and instrument-control system, and a data system.
Difference in the sample inlet, ion source, and mass analyzer gencrally define the type of
instrument and its capabilities. For example, an inlet can be a capillary-column liquid
chromatography source or can be a direct probe or stage such as used in matrix-assisted laser
desorption. Common ion sources are, for example, electrospray, including nanospray and
microspray or matrix-assisted laser desorption. Common mass analyzers include a quadrupole
mass filter, ion trap mass analyzer and time-of-flight mass analyzer. Additional mass
spectrometry methods are well known in the art (see Burlingame et al., Anal. Chem. 70:647 R-
716R (1998); Kinter and Sherman, New York (2000)).

Protein biomarkers and biomarker values can be detected and measured by any of the
following: electrospray ionization mass spectrometry (ESI-MS), ESI-MS/MS, ESI-MS/(MS)n,
matrix-assisted laser desorption ionization time-of-flight mass spectrometry (MALDI-TOF-MS),
surface-enhanced laser desorption/ionization time-of-flight mass spectrometry (SELDI-TOF-
MS), desorption/ionization on silicon (DIOS), secondary ion mass spectrometry (SIMS),
quadrupole time-of-flight (Q-TOF), tandem time-of-flight (TOF/TOF) technology, called
ultraflex III TOF/TOF, atmospheric pressure chemical ionization mass spectrometry (APCI-
MS), APCI-MS/MS, APCI-(MS).sup.N, atmospheric pressure photoionization mass
spectrometry (APPI-MS), APPI-MS/MS, and APPI-(MS).sup.N, quadrupole mass spectrometry,
Fourier transform mass spectrometry (FTMS), quantitative mass spectrometry, and ion trap

mass spectrometry.
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Sample preparation strategies are used to label and enrich samples before mass
spectroscopic characterization of protein biomarkers and determination biomarker values.
Labeling methods include but are not limited to isobaric tag for relative and absolute
quantitation (iTRAQ) and stable isotope labeling with amino acids in cell culture (SILAC).
Capture reagents used to selectively enrich samples for candidate biomarker proteins prior to
mass spectroscopic analysis include but are not limited to aptamers, antibodies, nucleic acid
probes, chimeras, small molecules, an F(ab'), fragment, a single chain antibody fragment, an Fv
fragment, a single chain Fv fragment, a nucleic acid, a lectin, a ligand-binding receptor,
affybodies, nanobodies, ankyrins, domain antibodies, alternative antibody scaffolds (e.g.
diabodies etc) imprinted polymers, avimers, peptidomimetics, peptoids, peptide nucleic acids,
threose nucleic acid, a hormone receptor, a cytokine receptor, and synthetic receptors, and
modifications and fragments of these.

The foregoing assays enable the detection of biomarker values that are useful in methods
for predicting responsiveness of a cancer therapeutic agent, where the methods comprise
detecting, in a biological sample from an individual, at least N biomarker values that each
correspond to a biomarker selected from the group consisting of the biomarkers provided in
Tables 1 or 2, wherein a classification, as described in detail below, using the biomarker values
indicates whether the individual will be responsive to a therapeutic agent. While certain of the
described predictive biomarkers are useful alone for predicting responsiveness to a therapeutic
agent, methods are also described herein for the grouping of multiple subsets of the biomarkers
that are each useful as a panel of two or more biomarkers. Thus, various embodiments of the
instant application provide combinations comprising N biomarkers, wherein N is at least three
biomarkers. It will be appreciated that N can be sclected to be any number from any of the
above-described ranges, as well as similar, but higher order, ranges. In accordance with any of
the methods described herein, biomarker values can be detected and classified individually or

they can be detected and classified collectively, as for example in a multiplex assay format.

b) Microarray methods

In one embodiment, the present invention makes use of "oligonucleotide arrays" (also
called herein "microarrays"). Microarrays can be employed for analyzing the expression of
biomarkers in a cell, and especially for measuring the expression of biomarkers of cancer
tissues.

In one embodiment, biomarker arrays are produced by hybridizing detectably labeled

polynucleotides representing the mRNA transcripts present in a cell (e.g., fluorescently-labeled
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cDNA synthesized from total cell mRNA or labeled cRNA) to a microarray. A microarray is a
surface with an ordered array of binding (e.g., hybridization) sites for products of many of the
genes in the genome of a cell or organism, preferably most or almost all of the genes.
Microarrays can be made in a number of ways known in the art. However produced, microarrays
share certain characteristics. The arrays are reproducible, allowing multiple copies of a given
array to be produced and easily compared with each other. Preferably the microarrays are small,
usually smaller than 5 cm?, and they are made from materials that are stable under binding (e.g.,
nucleic acid hybridization) conditions. A given binding site or unique set of binding sites in the
microarray will specifically bind the product of a single gene in the cell. In a specific
embodiment, positionally addressable arrays containing affixed nucleic acids of known
sequence at each location are used.

It will be appreciated that when cDNA complementary to the RNA of a cell is made and
hybridized to a microarray under suitable hybridization conditions, the level of hybridization to
the site in the array corresponding to any particular gene will reflect the prevalence in the cell of
mRNA transcribed from that gene/biomarker. For example, when detectably labeled (e.g., with a
fluorophore) cDNA or cRNA complementary to the total cellular mRNA is hybridized to a
microarray, the site on the array corresponding to a gene (i.e., capable of specifically binding the
product of the gene) that is not transcribed in the cell will have little or no signal (e.g.,
fluorescent signal), and a gene for which the encoded mRNA is prevalent will have a relatively
strong signal. Nucleic acid hybridization and wash conditions are chosen so that the probe
"specifically binds" or "specifically hybridizes' to a specific array site, i.c., the probe hybridizes,
duplexes or binds to a sequence array site with a complementary nucleic acid sequence but does
not hybridize to a site with a non-complementary nucleic acid sequence. As used herein, one
polynucleotide sequence is considered complementary to another when, if the shorter of the
polynucleotides is less than or equal to 25 bases, there are no mismatches using standard base-
pairing rules or, if the shorter of the polynucleotides is longer than 25 bases, there is no more
than a 5% mismatch. Preferably, the polynucleotides are perfectly complementary (no
mismatches). It can be demonstrated that specific hybridization conditions result in specific
hybridization by carrying out a hybridization assay including negative controls using routine
experimentation.

Optimal hybridization conditions will depend on the length (e.g., oligomer wvs.
polynucleotide greater than 200 bases) and type (e.g., RNA, DNA, PNA) of labeled probe and
immobilized polynucleotide or oligonucleotide. General parameters for specific (i.e., stringent)
hybridization conditions for nucleic acids are described in Sambrook et al., supra, and in

Ausubel et al., "Current Protocols in Molecular Biology", Greene Publishing and Wiley-
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interscience, NY (1987), which is incorporated in its entirety for all purposes. When the cDNA
microarrays are used, typical hybridization conditions are hybridization in 5xSSC plus 0.2%
SDS at 65C for 4 hours followed by washes at 25°C in low stringency wash buffer (1xSSC plus
0.2% SDS) followed by 10 minutes at 25°C in high stringency wash buffer (0.1SSC plus 0.2%
SDS) (see Shena et al., Proc. Natl. Acad. Sci. USA, Vol. 93, p. 10614 (1996)). Useful
hybridization conditions are also provided in, e.g., Tijessen, Hybridization With Nucleic Acid
Probes", Elsevier Science Publishers B.V. (1993) and Kricka, "Nonisotopic DNA Probe
Techniques", Academic Press, San Diego, Calif. (1992).

¢) Immunoassay methods

Immunoassay methods are based on the reaction of an antibody to its corresponding
target or analyte and can detect the analyte in a sample depending on the specific assay format.
To improve specificity and sensitivity of an assay method based on immunoreactivity,
monoclonal antibodies are often used because of their specific epitope recognition. Polyclonal
antibodies have also been successfully used in various immunoassays because of their increased
affinity for the target as compared to monoclonal antibodies Immunoassays have been designed
for use with a wide range of biological sample matrices Immunoassay formats have been
designed to provide qualitative, semi-quantitative, and quantitative results.

Quantitative results may be generated through the use of a standard curve created with
known concentrations of the specific analyte to be detected. The response or signal from an
unknown sample is plotted onto the standard curve, and a quantity or value corresponding to the
target in the unknown sample is established.

Numerous immunoassay formats have been designed. ELISA or EIA can be quantitative
for the detection of an analyte/biomarker. This method relies on attachment of a label to either
the analyte or the antibody and the label component includes, either directly or indirectly, an
enzyme. ELISA tests may be formatted for direct, indirect, competitive, or sandwich detection
of the analyte. Other methods rely on labels such as, for example, radioisotopes (I'*’) or
fluorescence. Additional techniques include, for example, agglutination, nephelometry,
turbidimetry, Western blot, immunoprecipitation, immunocytochemistry,
immunohistochemistry, flow cytometry, Luminex assay, and others (see ImmunoAssay: A
Practical Guide, edited by Brian Law, published by Taylor & Francis, Ltd., 2005 edition).

Exemplary assay formats include enzyme-linked immunosorbent assay (ELISA),
radioimmunoassay, fluorescent, chemiluminescence, and fluorescence resonance energy transfer

(FRET) or time resolved-FRET (TR-FRET) immunoassays. Examples of procedures for
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detecting biomarkers include biomarker immunoprecipitation followed by quantitative methods
that allow size and peptide level discrimination, such as gel electrophoresis, capillary
electrophoresis, planar electrochromatography, and the like.

Methods of detecting and/or quantifying a detectable label or signal generating material
depend on the nature of the label. The products of reactions catalyzed by appropriate enzymes
(where the detectable label is an enzyme; see above) can be, without limitation, fluorescent,
luminescent, or radioactive or they may absorb visible or ultraviolet light. Examples of detectors
suitable for detecting such detectable labels include, without limitation, x-ray film, radioactivity
counters, scintillation counters, spectrophotometers, colorimeters, fluorometers, luminometers,
and densitometers.

Any of the methods for detection can be performed in any format that allows for any
suitable preparation, processing, and analysis of the reactions. This can be, for example, in
multi-well assay plates (e.g., 96 wells or 384 wells) or using any suitable array or microarray.
Stock solutions for various agents can be made manually or robotically, and all subsequent
pipetting, diluting, mixing, distribution, washing, incubating, sample readout, data collection
and analysis can be done robotically using commercially available analysis software, robotics,

and detection instrumentation capable of detecting a detectable label.

Clinical Uses

In some embodiments, methods are provided for identifying and/or selecting a cancer
patient who is responsive to a therapeutic regimen. In particular, the methods are directed to
identifying or selecting a cancer patient who is responsive to a therapeutic regimen that includes
administering an agent that directly or indirectly damages DNA. Methods are also provided for
identifying a patient who is non-responsive to a therapeutic regimen. These methods typically
include determining the level of expression of a collection of predictive markers in a patient's
tumor (primary, metastatic or other derivatives from the tumor such as, but not limited to, blood,
or components in blood, urine, saliva and other bodily fluids)(e.g., a patient's cancer cells),
comparing the level of expression to a reference expression level, and identifying whether
expression in the sample includes a pattern or profile of expression of a selected predictive
biomarker or biomarker set which corresponds to response or non-response to therapeutic agent.

In some embodiments a method of predicting responsiveness of an individual to a DNA-
damage therapeutic agent comprises the following steps: obtaining a test sample from the
individual; measuring expression levels of one or more biomarkers in the test sample, wherein

the one or more biomarkers are selected from the group consisting of CXCL10, MX1, IDOI,
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IF144L, CD2, GBP5, PRAME, ITGAL, LRP4, and APOL3; deriving a test score that captures

the expression levels; providing a threshold score comprising information correlating the test
score and responsiveness; and comparing the test score to the threshold score; wherein
responsiveness is predicted when the test score exceeds the threshold score. One of ordinary
skill in the art can determine an appropriate threshold score, and appropriate biomarker
weightings, using the teachings provided herein including the teachings of Example 1.

In other embodiments, the method of predicting responsiveness of an individual to a
DNA-damage therapeutic agent comprises measuring the expression levels of one or more
biomarkers in the test sample, wherein the one or more biomarkers are selected from the group
consisting of CXCL10, MX1, IDO1, IF144L, CD2, GBP5, PRAME, ITGAL, LRP4, APOL3,
CDRI1, FYB, TSPAN7, RAC2, KLHDC7B, GRB14, AC138128.1, KIF26A, CD274, CD109,
ETV7, MFAPS5, OLFM4, PI15, FOSB, FAM19AS5, NLRC5, PRICKLE1, EGR1, CLDNI10,
ADAMTS4, SP140L, ANXAI1, RSAD2, ESRI1, IKZF3, OR211P, EGFR, NATI, LATS2,
CYP2B6, PTPRC, PPPIRI1A, and AL137218.1. Tables 2A and 2B provide exemplary gene
signatures (or gene classifiers) wherein the biomarkers consist of 40 or 44 of the gene products
listed therein, respectively, and wherein a threshold score is derived from the individual gene
product weightings listed therein. In one of these embodiments wherein the biomarkers consist
of the 44 gene products listed in Table 2B, and the biomarkers are associated with the
weightings provided in Table 2B, a test score that exceeds a threshold score of 0.3681 indicates
a likelihood that the individual will be responsive to a DNA-damage therapeutic agent.

A cancer is "responsive” to a therapeutic agent if its rate of growth is inhibited as a result
of contact with the therapeutic agent, compared to its growth in the absence of contact with the
therapeutic agent. Growth of a cancer can be measured in a variety of ways, for instance, the
size of a tumor or the expression of tumor markers appropriate for that tumor type may be
measured.

A cancer is "non-responsive” to a therapeutic agent if its rate of growth is not inhibited,
or inhibited to a very low degree, as a result of contact with the therapeutic agent when
compared to its growth in the absence of contact with the therapeutic agent. As stated above,
growth of a cancer can be measured in a variety of ways, for instance, the size of a tumor or the
expression of tumor markers appropriate for that tumor type may be measured. The quality of
being non-responsive to a therapeutic agent is a highly variable one, with different cancers
exhibiting different levels of "non-responsiveness” to a given therapeutic agent, under different
conditions. Still further, measures of non-responsiveness can be assessed using additional
criteria beyond growth size of a tumor, including patient quality of life, degree of metastases,

etc.
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An application of this test will predict end points including, but not limited to, overall
survival, progression free survival, radiological response, as defined by RECIST, complete
response, partial response, stable disease and serological markers such as, but not limited to,
PSA, CEA, CA125, CA15-3 and CA19-9.

Alternatively, non-array based methods for detection, quantification and qualification of
RNA, DNA or protein within a sample of one or more nucleic acids or their biological
derivatives such as encoded proteins may be employed, including quantitative PCR (QPCR),
enzyme-linked immunosorbent assay (ELISA) or immunohistochemistry (IHC) and the like.

After obtaining an expression profile from a sample being assayed, the expression profile
is compared with a reference or control profile to make a diagnosis regarding the therapy
responsive phenotype of the cell or tissue, and therefore host, from which the sample was
obtained. The terms "reference" and "control" as used herein in relation to an expression profile
mean a standardized pattern of gene or gene product expression or levels of expression of
certain biomarkers to be used to interpret the expression classifier of a given patient and assign a
prognostic or predictive class. The reference or control expression profile may be a profile that
is obtained from a sample known to have the desired phenotype, e.g., responsive phenotype, and
therefore may be a positive reference or control profile. In addition, the reference profile may be
from a sample known to not have the desired phenotype, and therefore be a negative reference
profile.

If quantitative PCR is employed as the method of quantitating the levels of one or more
nucleic acids, this method quantifies the PCR product accumulation through measurement of
fluorescence released by a dual-labeled fluorogenic probe (i.e. TagMan® probe).

In certain embodiments, the obtained expression profile is compared to a single reference
profile to obtain information regarding the phenotype of the sample being assayed. In yet other
embodiments, the obtained expression profile is compared to two or more different reference
profiles to obtain more in depth information regarding the phenotype of the assayed sample. For
example, the obtained expression profile may be compared to a positive and negative reference
profile to obtain confirmed information regarding whether the sample has the phenotype of
interest.

The comparison of the obtained expression profile and the one or more reference profiles
may be performed using any convenient methodology, where a variety of methodologies are
known to those of skill in the array art, e.g., by comparing digital images of the expression
profiles, by comparing databases of expression data, etc. Patents describing ways of comparing

expression profiles include, but are not limited to, U.S. Pat. Nos. 6,308,170 and 6,228,575, the
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disclosures of which are herein incorporated by reference. Methods of comparing expression
profiles are also described above.

The comparison step results in information regarding how similar or dissimilar the
obtained expression profile is to the one or more reference profiles, which similarity information
is employed to determine the phenotype of the sample being assayed. For example, similarity
with a positive control indicates that the assayed sample has a responsive phenotype similar to
the responsive reference sample. Likewise, similarity with a negative control indicates that the
assayed sample has a non-responsive phenotype to the non-responsive reference sample.

The level of expression of a biomarker can be further compared to different reference
expression levels. For example, a reference expression level can be a predetermined standard
reference level of expression in order to evaluate if expression of a biomarker or biomarker set is
informative and make an assessment for determining whether the patient is responsive or non-
responsive. Additionally, determining the level of expression of a biomarker can be compared to
an internal reference marker level of expression which is measured at the same time as the
biomarker in order to make an assessment for determining whether the patient is responsive or
non-responsive. For example, expression of a distinct marker panel which is not comprised of
biomarkers of the invention, but which is known to demonstrate a constant expression level can
be assessed as an internal reference marker level, and the level of the biomarker expression is
determined as compared to the reference. In an alternative example, expression of the selected
biomarkers in a tissue sample which is a non-tumor sample can be assessed as an internal
reference marker level. The level of expression of a biomarker may be determined as having
increased expression in certain aspects. The level of expression of a biomarker may be
determined as having decreased expression in other aspects. The level of expression may be
determined as no informative change in expression as compared to a reference level. In still
other aspects, the level of expression is determined against a pre-determined standard expression
level as determined by the methods provided herein.

The invention is also related to guiding conventional treatment of patients. Patients in
which the diagnostics test reveals that they are responders to the drugs, of the classes that
directly or indirectly affect DNA damage and/or DNA damage repair, can be administered with
that therapy and both patient and oncologist can be confident that the patient will benefit.
Patients that are designated non-responders by the diagnostic test can be identified for
alternative therapies which are more likely to offer benefit to them.

The invention further relates to selecting patients for clinical trials where novel drugs of

the classes that directly or indirectly affect DNA damage and/or DNA damage repair.
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Enrichment of trial populations with potential responders will facilitate a more thorough
evaluation of that drug under relevant criteria.

The invention still further relates to methods of diagnosing patients as having or being
susceptible to developing a cancer associated with a DNA damage response deficiency (DDRD).
DDRD is defined herein as any condition wherein a cell or cells of the patient have a reduced
ability to repair DNA damage, which reduced ability is a causative factor in the development or
growth of a tumor. The DDRD diagnosis may be associated with a mutation in the Fanconi
anemia/BRCA pathway. The DDRD diagnosis may also be associated with breast cancer or
ovarian cancer. These methods of diagnosis comprise the steps of obtaining a test sample from
the individual; measuring expression levels of one or more biomarkers in the test sample,
wherein the one or more biomarkers are selected from the group consisting of CXCL10, MX1,
IDO1, 1IF144L, CD2, GBP5, PRAME, ITGAL, LRP4, and APOL3; deriving a test score that
captures the expression levels; providing a threshold score comprising information correlating
the test score and a diagnosis of the cancer; and comparing the test score to the threshold score;
wherein the individual is determined to have the cancer or is susceptible to developing the
cancer when the test score exceeds the threshold score. One of ordinary skill in the art can
determine an appropriate threshold score, and appropriate biomarker weightings, using the
teachings provided herein including the teachings of Example 1.

In other embodiments, the methods of diagnosing patients as having or being susceptible
to developing a cancer associated with DDRD comprise measuring expression levels of one or
more biomarkers in the test sample, wherein the one or more biomarkers are selected from the
group consisting of CXCL10, MX1, IDO1, IF144L, CD2, GBP5, PRAME, ITGAL, LRP4,
APOL3, CDRI1, FYB, TSPAN7, RAC2, KLHDC7B, GRB14, AC138128.1, KIF26A, CD274,
CD109, ETV7, MFAPS5, OLFM4, PI15, FOSB, FAMI19AS5, NLRCS5, PRICKLEI, EGRI,
CLDN10, ADAMTS4, SP140L, ANXAI1, RSAD2, ESRI1, IKZF3, OR211P, EGFR, NATI,
LATS2, CYP2B6, PTPRC, PPPIR1A, and AL137218.1. Tables 2A and 2B provide exemplary
gene signatures (or gene classifiers) wherein the biomarkers consist of 40 or 44 of the gene
products listed therein, respectively, and wherein a threshold score is derived from the
individual gene product weightings listed therein. In one of these embodiments wherein the
biomarkers consist of the 44 gene products listed in Table 2B, and the biomarkers are associated
with the weightings provided in Table 2B, a test score that exceeds a threshold score of 0.3681

indicates a diagnosis of cancer or of being susceptible to developing a cancer.

The following examples are offered by way of illustration and not by way of limitation.
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EXAMPLES
Example 1
Tissue processing, hierarchical clustering, subtype

identification and classifier development

Tumor Material

The genes determined to be useful in the present methods (Table 2) were identified from
gene expression analysis of a cohort of 107 macrodissected breast tumor FFPE tissue samples
sourced from the Mayo Clinic Rochester. Ethical approval for this study was obtained from the
Institutional Review Board and the Office of Research Ethics Northern Ireland.

This cohort of samples can be further described as follows:

o 47 samples were wild-type for BRCA1 and BRCA2 i.e. expressed biologically
functional BRCA1 and BRCA2 proteins. These samples shall henceforth be referred to
as sporadic controls.

o 31 samples were BRCAI mutant i.c. did not express biologically functional BRCA1
protein.

o 29 samples were BRCA2 mutant i.e. did not express biologically functional BRCA2

protein.

Gene Expression Profiling

Total RNA was extracted from the macrodissected FFPE tumor samples using the Roche
High Pure RNA Paraffin Kit (Roche Diagnostics GmbH, Mannheim, Germany). Total RNA was
amplified using the NuGEN WT-Ovation™ FFPE System (NuGEN Technologies Inc., San
Carlos, CA, USA). The amplified single-stranded cDNA was then fragemented and biotin
labeled using the FL-Ovation™ c¢DNA Biotin Module V2 (NuGEN Technologies Inc.). It was
then hybridized to the Almac Breast Cancer DSA™. The Almac’s Breast Cancer DSA™
research tool has been optimised for analysis of FFPE tissue samples, enabling the use of
valuable archived tissue banks. The Almac Breast Cancer DSA™ research tool is an innovative
microarray platform that represents the transcriptome in both normal and cancerous breast
tissues. Consequently, the Breast Cancer DSA™ provides a comprehensive representation of the

transcriptome within the breast discase and tissue setting, not available using generic microarray
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platforms. Arrays were scanned using the Affymentrix Genechip® Scanner 7G (Affymetrix Inc.,

Santa Clara, CA).

Data Preparation

Quality Control (QC) of profiled samples was carried out using MASS pre-processing
algorithm. Different technical aspects were addressed: average noise and background
homogeneity, percentage of present call (array quality), signal quality, RNA quality and
hybridization quality. Distributions and Median Absolute Deviation of corresponding
parameters were analyzed and used to identify possible outliers.

Almac’s Ovarian Cancer DSA™ contains probes that primarily target the area within
300 nucleotides from the 3’ end of a polynucleotide. Therefore standard Affymetrix RNA
quality measures were adapted — for housekeeping genes intensities of 3’ end probesets along
with ratios of 3’ end probeset intensity to the average background intensity were used in
addition to usual 3°/5 ratios. Hybridization controls were checked to ensure that their intensities

and present calls conform to the requirements specified by Affymetrix.

Tumor samples from the BRCA1/2 mutant and sporadic control training set were split into 2
datasets based on the transcript levels of ESR1 (Estrogen receptor 1). mRNA expression level
E. for each sample was determined by the average expression of all ESR1 probe sets
(BRAD.15436 s at, BRAD.19080 s at, BREM.1048 _at, BRIH.10647C1n2_at,
BRIH.5650C1n2_at, BRPD.10690C1n5 at, BRRS.81 at and BRRS.81-22 at). The mRNA
median expression (E meqan) was calculated for all samples. Samples were considered ER
positive when E 4y, - E mea.ai™> 0.5 and ER negative when E avg - E med.an < 0.5.

Pre-processing was performed in expression console v1.1 with Robust Multi-array
Analysis (RMA) (Irizarry et al., 2003) resulting in 2 data matrices of ER positive and ER
negative samples composed of 56 and 51 samples respectively. An additional transformation
was performed to remove the variance associated with array quality as described by Alter (Alter

et al., 2000).

Feature selection

A combined background & variance filter was applied to each data matrix to identify the
most variable probesets. The background filter is based on the selection of probe sets with
expression £ and expression variance vary above the thresholds defined by background standard
deviation oBg (from the Expression Console software) and quantile of the standard normal

distribution z,at a specified significance a probesets were kept if:
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E >logy((2.080)); loga((varz) > 2 [loga(0sg) - £ - loga(log(2))]

where the significance threshold was a =6.3.107, see Table 1 for the list of selected probesets

and their gene annotations.

Hierarchical clustering analysis

Hierarchical clustering techniques were applied to microarray data from 199 epithelial
serous ovarian tumors analysed using the Ovarian Cancer DSA™ (discase specific array)
platform (FIG. 1). Raw expression data was preprocessed using the standard Robust Multichip
Algorithm (RMA) procedure. Non-biological systematic variance in the data set was identified
and removed. Those probesets whose expression levels varied significantly from tumor to
tumor were identified. These probesets formed the intrinsic list.

2-D cluster analysis (tumor, probeset) was performed to establish tumor relationships
based on the intrinsic list. Hierarchical agglomerative clustering was applied (Pearson
correlation distance and Ward’s linkage). Optimal partition number was selected using the GAP
index (Tibshirani et al., 2002, J. R. Stat. Soc., 63:411-423). All probesets available in the

subclusters were mapped to genes names.

Functional analysis of gene clusters

To establish the functional significance of the probeset clusters, probesets were mapped
to genes (Entrez gene ID) and an enrichment analysis, based on the hypergeometric function
(False Discovery Rate applied (Benjamini and Hochberg, 1995, J. R. Stat. Soc. 57:289:300)),
was performed.Over-representation of biological processes and pathways were analysed for
cach gene group generated by the hierarchical clustering for both ER-positive and ER-negative
samples using Metacore™ single experiment analysis workflow from GeneGo®. Antisense
probesets were excluded from the analysis. Hypergeometric p-values were assessed for each
enriched functional entity class. Functional entity classes with the highest p-values were selected
as representative of the group and a general functional category representing these functional
entities was assigned to the gene clusters based on significance of representation (i.e. p-value).

Genes in clusters enriched for the IFN/DD general functional terms were grouped into a
DNA-damage response-deficiency (DDRD) sample group and used for the classifier generation.

The sample clusters from ER-positive and ER-negative datasets represented by the IFN/DD
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general functional terms were selected for classification and labelled as DDRD. Those not

represented by these functional terms were labelled as non-DDRD.

Classifier development at a probeset level

Following the identification of a class of tumors that form the DDRD subgroup,
computational classification of these tumors vs. all the others in the tumor cohort (non-DDRD)
was performed, with reference to the functional DDRD gene list (Table 1), to identify a refined
gene classification model that classifies the DDRD subgroup.This was evaluated using all
combinations of the following options (a total of 18):

* Three sample sets
o Combined sample set of ER-negative and ER-positive samples (combined
sample set)
o ER-negative samples alone

o ER-positive samples alone

Two feature sets
o Full feature list with 75% variance/intensity filtering and forced inclusion of the
DDRD list. Here 75% of the probesets with the lowest combined variance and
intensity were removed, based on the average rank of both. When used, the term
“Varlnt” refers to this option.

o DDRD list only. When used, the term “List only” refers to this option.

Three classification algorithms
o PLS (Partial Least Squares) (de Jong, 1993)
o SDA (Shrinkage Discriminate Analysis)(Ahdesmaki and Strimmer, 2010)
o DSDA (Diagonal SDA)(Ahdesmaki and Strimmer, 2010)

The AUC was used to assess the performance of the different models. Iterative Feature
Elimination (IFE) was implemented throughout the development of each model, where the
maximum AUC was the main criteria in selecting an optimal number of features over cross
validation. In cases where there was no visible AUC difference across features, the minimum

feature length was selected.

Classifier development at a gene level
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To facilitate validation of the classifier across multiple array platforms, the selected
probeset classifier was regenerated at the gene level. A redevelopment of the probeset classifier
at a gene level required two separate steps:

1. The expression intensities of the unique genes in the probeset classifier were
estimated from the median of the probesets mapping to each gene, excluding anti-
sense probesets.

2. The classifier parameters used for classification were re-estimated

A threshold was chosen based on the maximum sensitivity and specificity over all cross

validation predictions.

Similarly the gene level defined expression intensities for the 10 top genes (or any
number of features present in current 44 gene signature) could be used to re-develop the
classifier based on only these 10 genes (or any number of features present in current 44 gene
signature) by re-estimating classification parameters in cross-validation in the training data set
as well as to re-establish the threshold by assessing and maximising the sensitivity and
specificity obtained from all cross-validation predictions. The methodology would be similar to
the method used when working from a larger feature set (described above) except there will be
no feature selection involved: the features will remain the same but will be assigned new

weights.

Calculating classifier scores for validation data sets

Public Datasets

The datasets used in for this analysis are namely: FAC1 [GEO accession number
GSE20271, (Tabchy et al., 2010)], FAC2 [GEO accession number GSE22093, (Iwamoto et al.,
2011)], FEC [GEO accession number GSE6861, (Bonnefoi et al, 2007)], T/FACI
[http://bioinformatics.mdanderson.org/pubdata.html, (Hess et al, 2006)], T/FAC2 [GEO
accession number GSE16716, (Lee et al., 2010)] and T/FAC3 [GEO accession number
GSE20271, (Tabchy et al.,, 2010)]. It must be noted that there is an overlap in 31 samples
between the FAC1 and FAC2 datasets. These samples were removed from the FAC2 dataset and
as such were only included once in the combined analysis of the FAC1, FAC2 and FEC datasets.
In addition, sample GSM508092 was removed from FACI as it is a metastatic lymph node
sample.

All datasets were pre-processed using RMA (Irizarry et al., 2003). For each validation

set, the probesets that map to the classifier genes were determined, excluding anti-sense
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probesets (if applicable). Annotation for Affymetrix X3P and U133A arrays are available from

the Affymetrix website. The median intensity over all probesets mapping to each gene in the
classifier was calculated, resulting in a gene intensity matrix. The classifier was then applied to

this data matrix to produce a classifier score/prediction for each sample.

Calculating performance metrics
To calculate NPV and PPV, the prevalence of each end point (BRCA status/Response)

was estimated using the proportions of each class in the corresponding data set.

Univariate and Multivariate analysis

Univariate and multivariate analysis was carried out to assess respectively the
association between the DDRD classifier and response, and to determine if the association, if
any, was independent to known clinical predictors. The p-values presented Table 4, for
univariate analysis were calculated using logistic regression in MATLAB. For the multivariate
analysis we used step-wise logistic regression (Dupont, 2009), where the p-values represent the
log-likelihood of the variable. The log-likelihood is a measure of the importance of the
variable’s fit to the model, thus highlighting it’s independence as a predictor relative to the other
predictors. In both univariate and multivariate analysis, a p-value < 0.05 was used as the
criterion for significance. Furthermore, samples with unknown clinical factors were excluded in

this assessment.

Results

Selection of samples for classifier generation

The objective of this study was to characterize at a transcriptomic level a set of genes
that would be capable of determining responsiveness or resistance of a pathogenic cell to DNA-
damage therapeutic agents. With this in mind, those samples within the Almac breast cancer
dataset that best represented this biology were to be selected and compared to the remaining
samples for classifier generation (see next section). It was decided that the samples from sample
cluster two within the ER-ve sample set were the most relevant samples for this selection as
these showed the greatest proportion of BRCA mutant samples (64%) and they exhibited the
most dominant biology (IFN/immune response). From within the ER+ve sample set, the samples
from sample cluster two and three were selected as these sample clusters had 73% and 67%

BRCA mutant tumors respectively. In addition, the most dominant biology within these clusters
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was related to cell cycle, DNA damage response and IFN/immune response. Immune signaling
and cell-cycle pathways have been reported to be modulated in response to DNA-damage
(Jackson, S. P., and Bartek, J., Nature 461, 1071-1078 (2009); Rodier, F., et al., Nat Cell Biol
11, 973-979 (2009); Xu, Y., Nat Rev Immunol6, 261-270 (2006), andthese subgroups were
combined to form a putative DDRD subgroup. Those samples within cluster two of the ER-ve
sample set (described below) and clusters two and three of the ER+ve sample set (described
below) were class labelled DDRD (DNA damage response deficient) (see FIG. 1A) whilst the
samples within sample clusters one and three of the ER-ve sample set and sample clusters one,

four, five and six of the ER+ve sample set were class labeled non-DDRD(see FIG. 1B).

ER-ve sample set: Within the ER-ve sample set, the hierarchical cluster analysis defined three
sample clusters and six probeset cluster groups. Probeset cluster three was identified as the most
significant biology within the ER-ve sample set and was enriched for interferon and immune

response signaling.

ER+ve sample set: Within the ER+ve sample set, the hierarchical analysis defined six sample
groups and six probeset cluster groups. Probeset cluster five was identified as the most
significant biology within the ER+ve sample set and was enriched for extracellular matrix
remodeling. The next most significant probeset cluster within the ER+ve sample set is probeset

cluster six and again was enriched for interferon and immune response signaling.

Development and validation of the DDRD classifier model

Following the identification of a class of tumors, that form the DDRD subgroup,
computational classification of these tumors vs. all others in the tumor cohort with reference to
the functional DDRD (IFN/DNA damage) gene list was performed to identify a refined gene
classification model, which classifies the DDRD subgroup.

The classification pipeline was used to derive a model using the set of combined ER-ve
and ER+ve breast cancer samples. The classification pipeline has been developed in accordance
with commonly accepted good practice [MAQC Consortium, Nat Biotechnol 2010]. The process
will, in parallel: 1) derive gene classification models from empirical data; and 2) assess the
classification performance of the models, both under cross-validation. The performance and
success of the classifier generation depends on a number of parameters that can be varied, for
instance the choice of classification method or probe set filtering. Taking this into account, two

feature sets were evaluated (i) the full feature list with 75% variance/intensity filtering (with
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forced inclusion of the DDRD (IFN/DNA damage) list, Table 1) and (ii) the DDRD (IFN/DNA
damage) list only; and three classification algorithms were evaluated, namely PLS (Partial Least
Squares); SDA (Shrinkage Discriminate Analysis) and DSDA (Diagonal SDA). Iterative Feature
Elimination (IFE) was used throughout model development, which is an iterative procedure
removing a fraction of the worst-ranked features at cach iteration; stopping when only a
minimum number of features remain. The Area under the Receiver Operating Characteristics
Curve (AUC-ROC), denoted AUC, was used to assess the classification performance, as this
measure is independent of cut-off between groups and prevalence rates in the data. It is also one
of the recognized measurements of choice for classification performance. As such, the best
number of features for each model was chosen based on the average AUC under cross-
validation.

A cross comparison of the models was made, by first selecting the best number of
features for each model based on the highest average AUC, and then using box-plots to visualize
the performance for each model. This is demonstrated in FIG. 2. From left to right, the first three
plots represent the PLS, SDA and DSDA classifiers respectively that were developed using an
initial filtering of probe sets to remove 75% with the lowest average variance and intensity
(forcing the inclusion of the gene list). The next three plots respectively represent the PLS, SDA
and DSDA classifiers developed using the DDRD (IFN/DNA damage) list only.

From FIG. 2, it is clear that the ‘PLS Varlnt’ classification model, comprising 53 probe
sets, is the highest performing model, with a significantly higher AUC than the majority of the
other 5 models. This model was then taken forward to the next phase for validation on
independent external data sets, to assess the ability of the DDRD classification scores to stratify
patients with respect to response and prognosis.

A non-orthodox approach to validating the classification model was taken, due to the fact
that the validation data sets where either public or internal data with different array platforms.
Commonly used approaches are not designed to be applicable to alternative array platforms, and
as such a phased approach for classification model development and independent validation was

followed:

1. Phase I - Model generation at the probe set level, selecting the best model under cross

validation for classifying the DDRD subgroup (described previously)

2. Phase II - Transformation of the probe set level classification model to a gene level

classification model
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3. Phase III - Validation of re-developed gene classification model using external data sets

Having selected a candidate model to progress to the validation stage, this model needed
to be re-built at the gene level (Phase II). This involved mapping the probe sets in the
classification model to the gene level and recalculating the weights for each gene. The 53 probe
sets in the selected model mapped to 40 genes listed in Table 2A and subsequently mapped to 44
genes listed in Table 2B when the accuracy of the annotation pipeline was improved through
further analysis.

In the re-development of the gene classification model, to ensure that all information
relating to the gene is used, the median intensity of all probe sets associated with each gene
(Table 2C) is used as the gene expression value. This was calculated for all samples, resulting in
a gene expression data matrix, as opposed to a probe set expression data matrix that was used in
Phase I for model development and selection. To stabilize the intensities across different
batches, the median of all probe sets for ecach sample was subtracted from the corresponding
intensity of each gene for that sample.

New weights were calculated for each gene using PLS regression, resulting in the final
gene classifier models (40-gene and 44-gene classifier models) that may be used for validation
on external data sets from different array platforms (Phase I11).

In Phase III, the validation of the classifier using data sets that may be from other array
platforms, the following steps were taken:

1. The probe sets that map to the genes in the classifier are determined, excluding anti-
sense probe sets (if applicable)

2. The median intensity over all probe sets relating to each gene in the classifier is
calculated resulting in a reduced gene intensity matrix

a. If no probe sets exist for the gene on the particular array platform, the observed
average from the training data will be used as a replacement

3. The median value of all probe sets for each sample is calculated and subtracted from the
reduced gene intensity matrix

4. The value for each gene is multiplied by the “weight” of that gene in the signature.

5. The values obtained in point 4 for each of the genes in the signature are added together
to produce a signature score for that sample.

6. The classifier produces a score for each sample, which can then be used to stratify

patients from say, more likely to respond to less likely to respond.
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Example 2
In silico validation of the 44-gene DDRD classifier model

The performance of the 44-gene DDRD classifier model was validated by the Area
Under the ROC (Receiver Operator Characteristic) Curve (AUC) within the original Almac
breast dataset and three independent datasets. The AUC is a statistic calculated on the observed
disease scale and is a measure of the efficacy of prediction of a phenotype using a classifier
model (Wray et. al., PLoS Genetics Vol 6, 1-9). An AUC of 0.5 is typical of a random classifier,
and an AUC of 1.0 would represent perfect separation of classes. Therefore, in order to
determine if the 44-gene DDRD classifier model is capable of predicting response to, and
selecting patients for, standard breast and ovarian cancer therapeutic drug classes, including
DNA damage causing agents and DNA repair targeted therapies, the hypothesis is that the
AUCs following application within these datasets should be above 0.5 with the lowest

confidence interval also above 0.5.

Assessment of 44-gene classifier model’s ability to separate BRCA mutant from sporadic

tumors

The classifier scores for predicting DDRD status were utilized to assess the ability of the
model to separate BRCA mutant samples from sporadic samples. This analysis was performed
to assess the relationships between the classifier model and BRCA mutation status. BRCA
mutant tumors display a high degree of genomic instability due to a deficiency in DNA damage
response by virtue of the loss of functional BRCA1/2. As such, the hypothesis is that the DDRD
classifier models should be able to separate BRCA mutant samples from BRCA wildtype
sporadic samples.

FIG. 3 shows that the 44-gene classifier models separate the BRCA mutants from the
sporadic samples with an AUC of ~0.68, where the lower confidence interval is ~0.56 for both
models (Table 3A); showing that the performance is significantly better than a random classifier.
As such, this analysis confirms that the 44-gene DDRD classifier model is capable of identifying

samples with high genomic instability due to an inability to repair DNA damage.

Application of classifier model to independent microarray clinical datasets

Independent breast microarray clinical datasets
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(1) Assessment of the 44-gene DDRD classifier model’s predictive power to DNA-damaging
chemotherapy

To assess the ability of the 44-gene DDRD classifier model to predict response to DNA-
damaging chemotherapeutics, it was applied to data combined from three publicly available
datasets. In each study, breast cancer patients were treated with neoadjuvant 5-fluorouracil,
anthracycline, and cyclophosphamide-based regimens, drugs that directly damage DNA. The
first (Tabchy et al., 2010) and second (Iwamoto et al., 2011) datasets had response data for 87
and 50 ER-positive and ER-negative primary breast tumor samples respectively following
neoadjuvant treatment with fluorouracil, doxorubicin and cyclophosphamide (FAC). The third
dataset (Bonnefoi ef al., Lancet Oncol &8, 1071-1078(2007)) had response data for 66 ER-
negative primary breast tumor samples following neoadjuvant 5-fluorouracil, epirubicin and
cyclophosphamide (FEC) treatment. Each study used pathological complete response (pCR) or
residual disease (RD) as endpoints. As each dataset was relatively small, the data was combined
to increase the power of the analysis.

The analysis revealed that that the 44-gene DDRD classifier model was significantly
associated with response to anthracycline-based chemotherapy (relative risk (RR) = 4.13, CI =
1.94-9.87, AUC = 0.78, CI = 0.70-0.85, P = 0.001; Table 3B, FIG. 4). The negative predictive
value (NPV) of the classifier was considerably higher than the positive predictive value (PPV)
(0.90 versus 0.44, Table 3B), indicating that DDRD-negative tumors were unlikely to respond to
DNA-damaging chemotherapy.

Stepwise logistic regression was used to determine the ability of the 44-gene DDRD
classifier model to predict response in the combined datasets when adjusting for clinical
variables (Table 4). The 44-gene DDRD classifier model was determined to be the most
significant clinical variable in univariate analysis. Multivariate analysis confirmed that the 44-
gene DDRD classifier model’s predictive value was independent of stage, grade and notably ER
status.

Negativity for estrogen, progesterone and HER2 receptors has been suggested as a
biomarker of abnormal DDR and thus response to DNA-damaging and DNA repair targeted
therapies (Foulkes et al., 2010). However, this approach excludes the 20% of BRCA1 and the
40% of BRCA2 mutant tumors that are reported to be ER-positive (Foulkes et al., 2004; Tung et
al., 2010). In contrast, by virtue of the analysis approach we adopted, the 44-gene DDRD
classifier detects the DDRD subgroup in both ER-positive and ER-negative tumors, as validated
by the multivariate analysis of the 44-gene DDRD classifier’s predictive value within the

combined analysis of FEC and FAC datasets, demonstrating its independence from ER status.
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Clinically, this is an important aspect of the translational application of the DDRD classifier as it
suggests it can be applied to all breast cancer patients, irrespective of ER status, to determine

their predicted responsiveness to DNA-damaging therapeutics.

(2) Assessment of 44-gene DDRD classifier model’s predictive power to taxane-containing

chemotherapy regimens

The ability of the 44-gene DDRD classifier model to predict response to chemotherapy
regimens that contained non-DNA-damaging agents such as taxanes was assessed. Data was
combined from 3 datasets with response data following neoadjuvant treatment with paclitaxel
and FAC (T/FAC) for 321 primary breast cancer patients, where response was defined as pCR
(Hess et al., 2006; Lee et al., 2010; Tabchy et al., 2010). Whilst the 44-gene DDRD classifier
model was both associated with response (AUC = 0.61, CI = ~0.52-0.69, Table 3B, FIG. 5), this
performance was significantly reduced compared to that within the FAC/FEC only treated
samples. In addition, multivariate analysis indicated the DDRD classifier was not independent
from other clinical parameters (P = 0.21) in its ability to predict response to T/FAC (Table 4).
This suggests that the subgroup detected by the DDRD classifier is more sensitive to DNA-

damaging only regimens rather than regimens also containing anti-microtubule agents.

Independent ovarian microarray clinical datasets

It was decided to explore the performance of the 44-gene DDRD classifier model in
another disease area. As such, the performance of the classifier models was assessed within a set
of 259 FFPE primary ovarian cancer samples with serous histology. These samples were from
patients that received either adjuvant platinum treatment or adjuvant platinum and taxane
treatment and were profiled on the Ovarian cancer DSA™., Response data was determined by
RESIST and/or the serum marker CA125 levels. Applying the 44-gene DDRD classifier model
to these samples proved to separate the responders from the non-responders significantly, with
an AUC of ~0.68 and a lower confidence limit of approx 0.59 (FIG. 6). The 44-gene DDRD
classifier model detects dysfunction of the Fanconi Anemia/BRCA pathway.

The Fanconi anemia/BRCA (FA/BRCA) pathway, which includes BRCA1 and BRCA2,
plays an integral role in DNA repair and can be lost in breast cancer either due to mutation or
epigenetic silencing (Kennedy and D'Andrea, 2006). It was therefore determined if the 44-gene
DDRD classifier model could detect abrogation of members of this pathway in addition to

BRCA1 and BRCA2. A public dataset was identified with microarray data generated from the
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bone marrow of 21 FA patients carrying a range of mutations in the FA/BRCA pathway and 11
healthy controls with a functional FA/BRCA pathway (Vanderwerf, S. M., et al., Blood 114,
5290-5298 (2009). The 44-gene DDRD classifier model significantly distinguished between the
FA/BRCA mutant and normal samples with an AUC of 0.90 (CI = 0.76-1.00, P<0.001, FIG. 7),
demonstrating a strong correlation between the DDRD classifier and dysfunction of the

FA/BRCA pathway through multiple mechanisms.

Summary of in silico validation of 44-gene DDRD classifier model

The in silico validation of the 44-gene DDRD classifier model has shown the following:

(a) The 44-gene DDRD classifier model is able to significantly separate BRCA mutant
breast tumor samples from wildtype BRCA (sporadic) breast tumor samples. This
implies that the DDRD classifier model is capable of detecting biology related to tumors
with a high level of genomic instability, such as BRCA mutant tumors. These tumors
typically respond better to DNA damaging chemotherapeutic regimens.

(b) The 44-gene DDRD classifier model is able to significantly separate defined responders
(those that demonstrated pCR) from the non-responders (those that did not demonstrate
pCR) in a combination of three independent breast datasets following neoadjuvant
treatment with FAC and FEC (Bonnefoi et al., 2007; Iwamoto et al., 2011; Tabchy et al.,
2010) and T/FAC (Hess et al., 2006; Lee et al., 2010; Tabchy et al., 2010). The 44-gene
DDRD classifier model was found to be independent of other clinical factors and the
most significant independent predictor of response in the FAC/FEC combined analysis.
These studies were carried out using fresh frozen (FF) samples and using two different
microarray platforms, namely the Affymetrix X3P microarray and the Affymetrix
UI33A microarray. These results validate the performance of the 44-gene DDRD
classifier model within independent breast datasets utilizing a different sample material
(FF instead of FFPE) and utilizing microarray data from two different microarray
platforms.

(c) The 44-gene DDRD classifier model is able to significantly separate responders from
non-responders within an independent Almac ovarian dataset following adjuvant
treatment with platinum or platinum/taxane based therapy. This data was generated using
FFPE samples profiled upon the Almac Ovarian DSA™.,

(d) The 44-gene DDRD classifier model is able to significantly distinguish between

FA/BRCA mutant and normal samples using bone marrow tissue samples, demonstrating
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a strong correlation between the DDRD classifier and dysfunction of the FA/BRCA

pathway through multiple mechanisms.

In summary, the DDRD classifier model has been independently validated and
demonstrated robustness in performance across three different disease areas (breast, ovarian and
FA), demonstrated ability to separate responders from non-responders to four different
chemotherapeutic regimens (FAC, FEC, T/FAC and platinum/taxane) in two different sample
types (FFPE and FF) utilizing data from four different microarray platforms (Almac Breast
DSA™ and Almac Ovarian DSA™, Affymetrix X3P microarray and Affymetrix UI33A
microarray). It has been demonstrated that the DDRD is an independent predictor of response to
DNA-damage therapeutic agents and can predict mutations in the FA/BRCA pathways. This
plasticity and repeatability of performance implies that the biology identified within the DDRD
subgroup identified via the 44-gene classifier model is significantly and robustly related to
predicting response to DNA damage causing agents and as such supports the claim of this
invention which is to identify a subtype that can be used to predict response to, and select
patients for, standard breast and ovarian cancer therapeutic drug classes, including drugs that
damage DNA directly, damage DNA indirectly or inhibit normal DNA damage signaling and/or

repair processes.
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Table 3:
Performance metrics and independence assessment of the
44-gene DDRD classifier model in breast datasets

Numbers in brackets denote the 95% confidence limits from +/- 2SD from cross-
validation (A) or bootstrapping with 1000 repeats (B). AUC=Area Under the Receiver
Operating Characteristics Curve; ACC=Accuracy; SENS=Sensitivity; SPEC=Specificity;
PPV=Positive Predictive value; NPV=Negative Predictive Value; RR=Relative Risk,
pCR=pathological complete response, RD=residual disease.

(A) Prediction of BRCA mutation status using the 44-gene DDRD classifier model

Data | No. | Treat- | Clinical | AUC | ACC |SEN |SPEC | PPV | NPV | RR

set ment | Outcom | (CI) «Ccn |S (C) Cn |« | («€D
e (CD)

Train | 107 | N/A BRCA 0.68 0.70 |10.58 |0.79 0.78 10.60 |1.93

-ing mutant | (0.56- | (0.57- | (0.48- | (0.64- | (0.63- | (0.49- | (1.23-
v 0.78) 10.76) | 0.65) |0.86) | 0.85) [0.65) |2.55)
wildtype

(B) Prediction of pCR using 44-gene DDRD classifier model

Data | No. | Treat- | Clinical | AUC | ACC | SEN |SPEC | PPV | NPV |RR
set ment | Qutcome | (CI) | (CI) |S (C) Cn |« | («€D
((61))

FAC1 | 203 | FEC pCR V 0.78 0.76 082 |0.58 0.44 090 |4.13

FAC2 and RD (0.70- | (0.64- | (0.69- | (0.52- | (0.36- | (0.81- | (1.94-

and FAC 0.85) | 0.83) [0.92) |0.62) 0.48) |0.95) |9.87)

FEC

T/ 321 | T/FAC | pCR V 0.61 0.53 049 |0.67 0.29 0.83 1.72

FAC RD (0.53- ] (0.43- | (0.38- | (0.64- | (0.22- | (0.80- | (1.05-
0.69) | 0.62) | 0.60) | 0.70) 0.35) | 0.87) |2.65
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Table 4
Univariate and Multivariate Analysis of the 44-gene DDRD classifier model

5 Comparison of the 44-gene DDRD classifier model to standard pathological parameters
in independent validation sets. The predictive value of the DDRD classifier model as well as
significant clinical parameters were evaluated in a univariate and multivariate analysis using
logistic regression models with p-values coming from a log-likelihood test.

10
Univariate and Multivariate Analysis of the 44-geme DDRD
classifier model
FACI1, FAC2 and FEC Univariate Multivariate
Variable P value P value
DDRD classifier 0.0000 0.0014
ER 0.0004 0.0249
Stage 0.0459 0.0492
Grade 0.0100 0.0468
T/FAC Univariate Multivariate
Variable P value P value
DDRD classifier 0.0129 0.2100
ER 0.0000 0.0000
Stage 0.3626 0.0359
Grade 0.0000 0.0115

15
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Example 3
In vitro validation of the 44-gene DDRD classifier model

In order to assess the biology underlying the genes contained within the 44-gene

classifier model, a number of studies were carried out in vitro using a panel of breast cell-lines.

Methods

Maintenance of cell-lines

The HCC1937 parental, HCC1937-EV and HCC1937-BR cell-lines were kindly donated
by Professor Paul Harkin from Queen’s University College Belfast (QUB). The cell-lines were
routinely maintained in RPMI-1640 medium supplemented with 50 U penicillin/ml, 50ug
streptomycin/ml, 2mM glutamine, 1mM Sodium Pyruvate and 20% (v/v) fetal bovine serum
(FBS). The HCC1937-EV and HCC937-BR cell-lines also required 0.2ml/mg geneticin. Cell-

lines were cultured at 37°C with a humidified atmosphere of 5% CO,.

Clonogenic assays — determination of PARP-1 inhibitor sensitivity

For measurement of sensitivity to PARP-1 inhibitor (KU0058948), exponentially
growing cells were seeded into 6-well plates. Twenty-four hours following seeding the cells
were exposed to medium containing increasing doses of drug. Cell medium was replenished
every 4-5 days. After 12-14 days the cells were fixed in methanol, stained with crystal violet and
counted. The percentage survival of control for a given dose was calculated as the plating
efficiencies for that dose divided by the plating efficiencies of vehicle-treated cells. Survival
curves and half maximal inhibitory concentration (ICso) values were calculated using GraphPad

Prism.

Cell viability assay — determination of cisplatin sensitivity

For measurement of sensitivity to cisplatin, exponentially growing cells were seeded into
96-well plates. 24 hours following seeding the cells were exposed to medium containing
increasing doses of cisplatin. Cells were incubated in the presence of drug for 96 hours

following which time the viability of the cells was assessed using the Promega CellTitre-Glo
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luminescent cell viability assay. The sensitivity of the cells was calculated as the percentage of
vehicle (DMSO) control. Survival curves and half maximal inhibitory concentration (ICsg)

values were calculated using GraphPad Prism.

Results

The DDRD subgroup can be identified within breast cancer cell-line models

A preclinical model system was used to confirm that the 44-gene DDRD classifier was a
measure of abnormal DDR. The HCC1937 breast cancer cell-line is DDRD due to a BRCA1
mutation (Tomlinson et al., 1998). The 44-gene classifier was applied to HCC1937 empty vector
control cells (HCC1937-EV) and HCC1937 cells in which BRCA1 functionality was corrected
(HCC1937-BR) (FIG. 7A). The DDRD 44-gene classifier score was found to be higher within
HCCI1937-EV relative to HCC1937-BR cells, with average scores of 0.5111 and 0.1516
respectively (FIG. 7B). Consistent with the DDRD 44-gene classifier scores, the HCC1937
BRCA1 mutant cell-line was more sensitive to the PARP-1 inhibitor KU0058948 (FIG. 7C) and
cisplatin (FIG. 7D) relative to the BRCAT corrected cell-line. These preclinical data suggest that
the DDRD 44-gene classifier measures immune signalling in DDRD-positive tumor cells and
correlates with response to both a DNA-damaging agent (cisplatin) and a DNA repair targeted
agent (PARP-1 inhibitor).

The DDRD 44-gene classifier detects dysfunction of the Fanconi Anemia/BRCA pathway

The Fanconi anemia/BRCA (FA/BRCA) pathway, which includes BRCA1 and BRCA2,
plays an integral role in DNA repair and can be lost in breast cancer either due to mutation or
epigenetic silencing (Kennedy, R. D., and D'Andrea, A. D., J Clin Oncol 24, 3799-3808 (2006)).
It was determined if the DDRD 44-gene classifier could detect abrogation of members of this
pathway in addition to BRCA1 and BRCA2. A public dataset was identified with microarray
data generated from the bone marrow of 21 FA patients carrying a range of mutations in the
FA/BRCA pathway and 11 healthy controls with a functional FA/BRCA pathway (Vanderwerf
et al., 2009). The DDRD 44-gene classifier significantly distinguished between the FA/BRCA
mutant and normal samples with an AUC of 0.90 (CI = 0.76-1.00, P<0.001), demonstrating a
strong correlation between the DDRD classifier and dysfunction of the FA/BRCA pathway

through multiple mechanisms.
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Conclusion

The DDRD 44-gene classifier score was significantly higher in the BRCA1 mutant, and
thus DDRD, HCC1937 breast cancer cell-line relative to an isogenic BRCA1 corrected cell-line.
As the 44-gene classifier score correlates with DDR dysfunction within these cells, it
demonstrates that the immune signalling detected by the DDRD classifier is intrinsic to the cell
and not a function of lymphocytic infiltrate. BRCA1 and BRCA2 represent part of the
FA/BRCA DDR network, which contains a number of other proteins that have been reported to
be mutant or under-expressed in approximately 33% of breast cancer (Kennedy, R. D., and
D'Andrea, A. D., J Clin Oncol 24, 3799-3808 (2006).As described previously, the DDRD 44-
gene classifier significantly separated bone marrow samples from patients with FA mutations
from normal controls. This suggests that the DDRD classifier is capable of detecting any
abnormality within the pathway rather than specifically BRCA1 or BRCA2 dysfunction. It is
possible that the DDRD 44-gene classifier may identify tumors with DDR-deficiency due to
other mechanisms such as PTEN loss, cell-cycle checkpoint dysfunction or increased reactive
oxygen species due to metabolic disturbance. Due to constitutive DNA-damage, these tumors

are likely to respond to DNA repair targeted therapies such as PARP-1 or CHK1/2 inhibitors.
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CLAIMS

We claim:

1. A method of predicting responsiveness of an individual to a DNA-damage therapeutic

10

15

20

25

30

agent comprising

a. obtaining a test sample from the individual;

b. measuring expression levels of one or more biomarkers in the test sample,
wherein the one or more biomarkers are selected from the group consisting of
CXCL10, MXI1, IDO1, IF144L, CD2, GBP5, PRAME, ITGAL, LRP4, and
APOL3;
deriving a test score that captures the expression levels;

d. providing a threshold score comprising information correlating the test score and
responsiveness;

e. and comparing the test score to the threshold score; wherein responsiveness is

predicted when the test score exceeds the threshold score.

2. The method of claim 1, further comprising measuring an expression level of one or more

biomarkers in the test sample, wherein the one or more biomarkers are selected from the
group consisting of CDR1, FYB, TSPAN7, RAC2, KLHDC7B, GRB14, AC138128.1,
KIF26A, CD274, CD109, ETV7, MFAPS5, OLFM4, PI15, FOSB, FAM19AS5, NLRCS,
PRICKLEI1, EGR1, CLDN10, ADAMTS4, SP140L, ANXA1, RSAD2, ESR1, IKZF3,
OR2I1P, EGFR, NATI1, LATS2, CYP2B6, PTPRC, PPP1R1A, and AL137218.1.

. The method of claim 2, wherein the test score captures the expression levels of all of the

biomarkers, and wherein responsiveness is predicted when the test score exceeds a

threshold score at a value of 0.3681.

. The method of any one of claims 1-3, wherein the DNA-damage therapeutic agent

comprises one or more substances selected from the group consisting of: a DNA
damaging agent, a DNA repair targeted therapy, an inhibitor of DNA damage signalling,
an inhibitor of DNA damage induced cell cycle arrest, a histone deacetylase inhibitor,

and a heat shock protein inhibitor.
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5.

10.

11.

12.

13.

14.

The method of claim 4, wherein the DNA-damage therapeutic agent comprises one or
more of an anthracycline, a cisplatin, a carboplatin, a cyclophosphamide, an oxaliplatin,
a busulphan, an irinotecan, a topotecan, an etoposide, a doxorubicin, an epirubicin, and

an ionising radiation.

The method of claim 4, wherein the DNA-damage therapeutic agent comprises one or
more of a DNA-PK inhibitor, Nu7441, Nu7026, an inhibitor of homologous
recombination, an inhibitor of nucleotide excision repair, a PARP inhibitor, AG014699,
AZD2281, ABT-888, MK4827, BSI-201, INO-1001, TRC-102, an APEX 1 inhibitor, an
APEX 2 inhibitor, a Ligase Il inhibitor, and an inhibitor of the Fanconi anemia pathway.

The method of any one of claims 1-6, wherein the individual is suspected of having or

has been diagnosed as having a cancer.
The method of claim 7, wherein the cancer is selected from the group consisting of a

breast cancer and an ovarian cancer.

The method of claim 8, wherein the cancer is breast cancer and the DNA-damage
therapeutic agent comprises a combination of a 5-fluorouracil, an anthracycline and a

cyclophosphamide.

The method of claim 9, wherein the anthracycline is epirubicin.

The method and claim 9, wherein the anthracyline is doxorubicin.

The method of claim 9, wherein a taxane is co-administered with the DNA-damage

therapeutic agent.

The method of claim 8, wherein the cancer is ovarian cancer and the DNA-damage

therapeutic agent comprises a platinum-containing agent.

The method of claim 13, wherein the DNA-damage agent is co-administered with a

taxane.
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15. The method of any one of claims 7-14, wherein the cancer is associated with one or more

mutations in the Fanconi anemia/BRCA pathway.

16. A method of diagnosing an individual for having a cancer or being susceptible to

developing the cancer associated with a DNA damage response deficiency (DDRD)

comprising

a.

b.

obtaining a test sample from the individual;

measuring expression levels of one or more biomarkers in the test sample,
wherein the one or more biomarkers are selected from the group consisting of
CXCL10, MXI1, IDO1, IF144L, CD2, GBPS5, PRAME, ITGAL, LRP4, and
APOL3;

deriving a test score that captures the expression levels;

providing a threshold score comprising information correlating the test score and
a diagnosis of the cancer;

and comparing the test score to the threshold score; wherein the individual is
diagnosed as having the cancer or being susceptible to developing the cancer

when the test score exceeds the threshold score.

17. The method of claim 16, further comprising measuring an expression level of one or

18.

19.

more biomarkers in the test sample wherein the biomarkers are selected from the group
consisting of CDRI1, FYB, TSPAN7, RAC2, KLHDC7B, GRB14, ACI138128.1,
KIF26A, CD274, CD109, ETV7, MFAPS5, OLFM4, PI15, FOSB, FAMI19AS5, NLRCS,
PRICKLEI1, EGR1, CLDN10, ADAMTS4, SP140L, ANXA1, RSAD2, ESRI1, IKZF3,
OR211P, EGFR, NATI1, LATS2, CYP2B6, PTPRC, PPP1R1A, and AL137218.1.

The method of claim 17, wherein the test score captures the expression levels of all of

the biomarkers, and wherein the individual is diagnosed as having the cancer or being

susceptible to developing the cancer when the test score exceeds a threshold score at a

value 0f 0.3681.

The method of any one of claims 16-18, wherein the cancer is selected from breast

cancer and ovarian cancer.
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20. The method of claim 19, wherein the cancer is associated with one or more mutations in

the Fanconi anemia/BRCA pathway.
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