22-Gene Signature Predicts Response to Chemotherapy in a Broad Range of Breast Cancer Subtypes
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Background

Currently only ~50% of breast cancer patients respond
to chemotherapy with long term survival*

There is a need for predictive tests to determine ahead
of time if an individual patient will respond to a particular
treatment

Patients predicted to be non-responsive would benefit
from immediately receiving an alternative treatment
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Figure 1. Outline of current treatment groups in hreast cancer.
“Citran, et al., 2003 J Clinical Oncology 21:1431-1439

Approach

Anovel approach was used to find genes with RNA
expresswn levels that predict chemotherapy response
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Figure 2. Approach used to identify 22 geneslunmure ’Fuumler
et al , 2006, Cancer Research 66:7095-7102

Methods
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Results

Table 2. Gene sets down-regulated during acini formation are
enriched in genes associated with response to TFAC chemo.

Temporal Total Genes significantly®

expression genes | associatedwith pCR | Ability to stratify by response™|
pattemn (N) M) (%) | (Chi* coefficient) (p-value)
Downeardy | b B 50% 0.248 0.0005 |
Down late 2 12 55% 0.364 <0.000001
Up early 21 5% - -

Up late 11 2 18% - -
Down 28 15 54% 0.241 0.00059
Up 32 3 9% - -
Early 27 6 22% - -

Late 33 14 42% 0.344 <0.000001
All differentials| 60 2 3% 0.283 <0.000001
All genome 22282 3766 17% - -

840 random 22 373 1% =

lists (max 6, min 0)

*t-Test, p<0.03, was usedto evaluate % nes associatedwith response (pCR) in the
TFAC response microarray dataset of Popoviciet al. 2010 (243 pat\emsg

**Hierarchical clustering was used to sfratify patients from the TFAC response
microarray dataset of Hess et al. 2006 (133 patients). Chi? coefficient and Fisher's
Exact p-values are tabulated.

Table 3. Univariate analysis comparing genes associated with
prognosis and TFAC response prediction in multiple subtypes.
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here show these features are not necessarily overlapping. Some genes predicted
prognosis but not response and vice-versa, while some predicted both. Fuither, the 22-
genes include subsets that predictedresponse in different subtypes of breast cancer.
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Results

Table 4. 22-gene signature stratified breast cancer
subtypes by response to TFAC chemotherapy and
outperformed clinical parameters.

AUC Value* (n)

Breast Cancer Hode ER  Tumor Tumor

Subtype LR status  status  size grade CEw
ER Positive 0723 (208) 0490 - 0475 0683 0630
ER Negative 0744 (1451 0481 - 0525 0689 0635
HERZPositive 0772 (42) 0513 o 0525 0316 0350
Triple Negative

(ER,PR,HERZ 0718 (35 0430 - 0525 0683 0650
negative)

Luminal B 0.75 (50) - - - - -
Basaldike 0.85 (69) = 5 5 = =
Al subtypes 0530 (353) 0478 0760 03525 0683 0630

*AUC values for 22-gene signature test and clinical parameters were
determined by logistic regression with 3fold cross validation using the
datasets of Popovici et al. 2010 and Tabchy et al. 2010

Conclusions

Genes down regulated during acini formation in 3D culture
were associated with tumer response to TFAC chemotherapy.

The 22-gene signature (down-regulated late in acini formation)
accurately predicted TFAC response across a broad range of
breast cancersubtypes and outperformed clinical parameters.

The signature includes both pregnostic and predictive
features, which are not necessarily overlapping. It also
includes different genes that predictresponse in different
subtypes of breast cancer.

Future Perspectives

Ourcumentwork is directed to:
- Develop RT-PCR version of test
- Evaluate test parameters including sensitivity, specificity,
PPY, etc, in RT-PCR version
- Define ahility of test to predict responseto otherchemo ‘s
- Bring test to patients - as seon as possible



