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Accurate prognosis enables:

* Stratification of treatment esp bone
marrow transplant

* More informed, personalised patient
discussions
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* Design of risk-adapted clinical trials
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AMIL data set

1579 patients with AML

Enrolled in three trials performed through the German-
Austrian AML Study Group

Long-term clinical outcome data available

Sequenced for 110 genes involved in AML pathogenesis

Triaged variants into:
Known drivers
Possible oncogenic
Variants of unknown significance (not considered here)
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The long tail of cancer genes

1/3 mutations in genes >10%
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Frequency (/1579 pts)

The long tail of cancer genes
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Frequency (/1579 pts)

Personalised treatment

BRAF
inhibitors?
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Number of mutations per patient
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Using genomics to predict outcome

Cytogenetic risk stratification
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Prognostic variables in AML

Cytogenetics
* For example, inv(16), t(15;17), monosomy 7 etc

Point mutations
* TP53, NPM1, FLT3 etc

Clinical variables

* White cell count, age etc

Gene-by-gene interactions?

Gene-by-cytogenetic interactions?
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Personally tailored risk profile
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Personalised predictions
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Personalised predictions
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Personalised predictions
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Recurrence-free fraction
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How important is sample size?

Training sets of 300, 600, 900 & 1200 randomly selected
patients from the cohort

Validation set of 300 randomly selected, non-training patients

Build prognostic models using LASSO stability selection (to
minimise risk of over-fitting)

Test predictive accuracy using ROC curves




Predictive performance
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Selected variables

More variables: better estimation
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How far can we improve?
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Summary

Cancer is a disease of the genome

Complex genomic alterations in cancer
Long tail of cancer genes
Multiple driver mutations per patient
Considerable secondary structure

Genomic changes drive biology and therefore clinical
phenotype

Inter-patient heterogeneity of cancer genomes may partially
explain heterogeneity of clinical outcomes

Scope for genomics to inform clinical management of cancers




Personalised cancer medicine -
Current state of play

* Meaningful gene-drug interactions available for only small minority
of patients

* Very complex genomic landscape for most cancers
* Minimal large-scale data on clinical correlations of genomic features

* Interventional clinical trials under-powered to detect gene-drug
interactions

* Need to develop ethical, regulatory and logistic framework for
sharing clinical — genomic data sets among collaborative groups
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Distribution of mutations
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Overall Survival (%)

The gene-drug interaction
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Known gene-drug interactions

BRAF mut" =»

Predictat_)le BRAF inhibitor
Easy to find-

EGFR mut" =»
EGFR inhibitor

KRAS wt =>»
EGFR inhibitor

BRCA1/2 loss =»

PARP inhibitor
5q deletion in MDS

Lenalidomide

Not predictable
Difficult to find




Discovery of gene-drug interactions

* Retrospective analysis of pivotal randomised trials

The NEW ENGLAND
JOURNAL of MEDICINE

ABLISHED [N 1812 OCTOBER 23, 2008 VoL 389 NO. 17

K-ras Mutations and Benefit from Cetuximab
in Advanced Colorectal Cancer

hepherd, M. Hea
M.D., and John R. Zalcberg, M.D., P

* Enrichment trials

The NEW ENGLAND Crizotinib versus Chemotherapy in Advanced
JOURNAL o MEDICINE ALK-Positive Lung Cancer

Alice T. Shaw, M.D., Ph.D., Dong-Wan Kim, M.D., Ph.D

ESTABLISHED IN 1812 OCTOBER 6, 2011 VOL. 365 NO. 14 )
Kazuhiko Nakagawa, M.D., Ph.D., Takashi Seto, M.D., Lucio Criné, M.D.,
Myung-Ju Ahn, M.D., Tommaso De Pas, M.D., Benjamin Besse, M.D., Ph.D
Adjuvant Trastuzumab in HER2-Positive Breast Cancer Benjamin J. Solomon, M.B., B.S., Ph.D., Fiona Blackhall, M.D., Ph.D., Yi-Long Wu, M.D.,
Michael Thomas, M.D., Kenneth J. O'Byrne, M.D., Denis Moro-Sibilot, M.D.,
gang Eiermann, M.D., Nicholas Robert, M.D., Tadeusz Pienkowski, M.D., D. Ross Camidge, M.D., Ph.D., Tony Mok, M.D., Vera Hirsh, M.D.,

Gregory J. Riely, M.D., Ph.D., Shrividya lyer, Ph.D., Vanessa Tassell, B.S.,
Anna Polli, B.S., Keith D. Wilner, Ph.D., and Pasi A. Jinne, M.D., Ph.D

* Exceptional responder studies

Activating Mutations in the Epidermal Growth Factor EGFR Mutations in Lung Cancer:
Receptor Underlying Responsiveness of Non—Small-Cell Correlation with Clinical
Lung Cancer to Gefitinib Response to Gefitinib Therapy

J. Guillermo Paez,"?* Pasi A. Janne,'?* Jeffrey C. Lee,'3*

Sean Tracy,” Heidi Greulich,’? Stacey Gabriel,* Paula Herman,’
Thomas J. Lynch, M.D., Daphne W. Bell, Ph.D., Raffaella Sordella, Ph.D., Sarada Gurubhagavatula, M.D., Fre:eyric J. Kaye,5 Neal Lindemai,‘ Titus ). Boggon,

Ross A. Okimoto, B.S., Brian W. Brannigan, B.A., Patricia L. Harris, M.S., Sara M. Haserlat, B.A., Katsuhiko Naoki,! Hidefumi Sasaki,” Yoshitaka Fujii,”
Jeffrey G. Supko, Ph.D., Frank G. Haluska, M.D., Ph.D., David N. Louis, M.D., David C. Christiani, M.D., Michael J. ECkr:”zWi“iﬂm R. Se“e".“'ﬁ;
Jeff Settleman, Ph.D., and Daniel A. Haber, M.D., Ph.D. Bruce E. Johnson,'*f Matthew Meyerson'->*f




Factors affecting statistical power

Effect size

Sample size

Frequency of gene mutation in cohort

Number of hypothesis tests

Statistical methodology

Correlated genomic / clinical features (multicollinearity)




Power
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Number of driver mutations
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