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IntroductionIntroduction

NMRNMR--based based MetabonomicsMetabonomics validated invalidated in--house in 2000house in 2000
bbplatform for risk assessment in rats platform for risk assessment in rats –– support for efficacy studiessupport for efficacy studies

11H NMR spectrum of H NMR spectrum of WistarWistar--HannoverHannover rat urine rat urine 

waterwater TSPTSP

SorafenibSorafenib, an anti, an anti--cancer agentcancer agent
bbpresented by West Haven Research for clinical development in 199presented by West Haven Research for clinical development in 19999
bbkinasekinase inhibitor with both antiinhibitor with both anti--proliferativeproliferative and antiand anti--angiogenicangiogenic activityactivity

11H NMR spectrum of H NMR spectrum of SorafenibSorafenib
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SorafenibSorafenib Approved by FDA for RCCApproved by FDA for RCC

MAY 2004
Phase II NSCLC Trial

Biomarkers
2000

Chemistry
1992
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Bayer Biomarker Platform for OncologyBayer Biomarker Platform for Oncology

Discovery Strategy Discovery Strategy -- Two Complementary ApproachesTwo Complementary Approaches

Pathway Analysis or Pathway Analysis or 
Mechanism basedMechanism based

De Novo Biomarker Discovery De Novo Biomarker Discovery 

•• Gene Expression Profile/Pattern (Affymetrix)Gene Expression Profile/Pattern (Affymetrix)

•• Plasma Protein Expression Pattern (SELDIPlasma Protein Expression Pattern (SELDI--TofTof))

Growth Factor
Receptor

Ras
Raf

MEK

Erk

•• Metabolite Profiles (Metabolite Profiles (MetabonomicsMetabonomics; NMR/LC; NMR/LC--MS)MS)
Sample Sources:Sample Sources:

bloodblood
plasma / serumplasma / serum
urineurine
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Apply validated assay Apply validated assay -- Partnership between Partnership between PharmaPharma and Diagnosticsand Diagnostics
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Example of Example of PharmacodynamicPharmacodynamic Biomarker*Biomarker*
* Preliminary analysis from Phase III trial for Renal Cell Carci* Preliminary analysis from Phase III trial for Renal Cell Carcinoma noma 

Treatment with Sorafenib Results in Decreased Plasma Levels Treatment with Sorafenib Results in Decreased Plasma Levels 
of VEGFRof VEGFR--2 and Increased Levels of VEGF 2 and Increased Levels of VEGF 
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Sorafenib PlaceboSorafenibSorafenib placeboplacebo SorafenibSorafenib placeboplacebo

Sorafenib (n): 149               196                  197
Placebo (n): 102               128                  132

Sorafenib (n): 149                 196                  198
Placebo (n): 102                 128                  132
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Oncology Phase II TrialsOncology Phase II Trials

SorafenibSorafenib phase II clinical phase II clinical trial(strial(s))
•• 100391 100391 –– randomized discontinuation trial (501 patients)randomized discontinuation trial (501 patients)
•• 100557 100557 –– focus on nonfocus on non--small cell lung cancer (52 patients)small cell lung cancer (52 patients)

Sample CollectionSample Collection
•• Urine collected at prescreen and fixed time points during Urine collected at prescreen and fixed time points during 

treatment cycles treatment cycles –– random collection, no diet restrictionsrandom collection, no diet restrictions

Surrogate Surrogate vsvs Clinical EndpointClinical Endpoint
•• Clinical endpoint for cancer is death (change in survival rate)Clinical endpoint for cancer is death (change in survival rate)
•• For For cytotoxiccytotoxic agents agents –– a surrogate marker is tumor shrinkagea surrogate marker is tumor shrinkage
•• ProgressionProgression--free survival (PFS) may be a more meaningful and free survival (PFS) may be a more meaningful and 

relevant surrogate for survival benefit than tumor shrinkagerelevant surrogate for survival benefit than tumor shrinkage
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Application in Clinical Study 100391Application in Clinical Study 100391

GOAL: GOAL: To investigate the possible predictive relationship of urinary To investigate the possible predictive relationship of urinary 
metabolic profiles with patient response metabolic profiles with patient response 

Phase II study 100391: Phase II study 100391: 670 urines received670 urines received
Urines collected at prescreen (prior to study), cycle 1Urines collected at prescreen (prior to study), cycle 1--day 15, cycle 4day 15, cycle 4--day 1, etcday 1, etc

RENAL: RENAL: 9595 prescreen urines out of prescreen urines out of 202202 patientspatients

COLORECTAL:COLORECTAL: 4646 139139

OTHER:OTHER: 2727 7070

MALIG. MELANOMA:MALIG. MELANOMA: 1111 3737

OVARIAN, PANCREATICOVARIAN, PANCREATIC, 

BREAST, NSCLC, THYROID:: 1818 5353

Clinical data* included Best Response and Progression Free SurviClinical data* included Best Response and Progression Free Survivalval

* ~ 25% of patients have no clinical assessment and 30* ~ 25% of patients have no clinical assessment and 30--40% have censored PFS data40% have censored PFS data
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InIn--House House MetabonomicMetabonomic Protocol for UrineProtocol for Urine

Sample Sample 
HandlingHandling

NMR data NMR data 
collectioncollection

Data Data 
processingprocessing

Model BuildingModel Building
Metabolite levelsMetabolite levels

urine + bufferurine + buffer

1D 1D 11H NOESYH NOESY

segment spectra into binssegment spectra into bins

PCA, PLSPCA, PLS--DA, OSCDA, OSC
Assigned MetabolitesAssigned Metabolites

Novel Metabolite IDNovel Metabolite ID

HPLCHPLC--NMR and MSNMR and MS
GTA (1.76 ppm)
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Challenges in NMR Data InterpretationChallenges in NMR Data Interpretation
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APAP
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CN

N-Ac-
APAPsugar artifacts sugar artifacts

HPPA

gabapentin

86 Screening Urines from Study 100391

hh Rat urines show limited variability, while human urines are highRat urines show limited variability, while human urines are highly variablely variable
hh Artifacts mask information from endogenous metabolites and can bArtifacts mask information from endogenous metabolites and can be repairede repaired

hh Less than 10% of the spectra in 100391 needed modificationLess than 10% of the spectra in 100391 needed modification
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Overviews of Urinary Metabolic ProfilesOverviews of Urinary Metabolic Profiles

At prescreen, nonAt prescreen, non--responders had lower levels of responders had lower levels of hippuratehippurate and urea and urea 
and higher levels of and higher levels of acetominophenacetominophen metabolites in their urinemetabolites in their urine

Progressive Disease (PD) vs Stable Disease (SD) minus Prescreen average
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Urines collected postUrines collected post--dose contained an unknown metabolite that dose contained an unknown metabolite that 
was isolated and identified as toluene was isolated and identified as toluene sulfonicsulfonic acidacid
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First Pass Modeling* of Prescreen urinesFirst Pass Modeling* of Prescreen urines

PCA
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membership membership 
probabilities probabilities 
>0.01>0.01

60/71 (85%)60/71 (85%)

* 190 bins, 9.40 * 190 bins, 9.40 –– 0.60 0.60 ppmppm, water and urea excluded, water and urea excluded
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PS1   19%PS1   19%
PS2   34%PS2   34%

membership membership 
probabilities probabilities 
>0.01>0.01

62/71 (87%)62/71 (87%)

class predictionclass prediction
70/71 (98%)70/71 (98%)
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Prediction of PFS from prescreen urine Prediction of PFS from prescreen urine 

PS1   14%PS1   14%
PS2   32%PS2   32%

membership membership 
probabilities probabilities 
>0.01>0.01
48/55 (87%)48/55 (87%)

PS1   18%PS1   18%
PS2   26%PS2   26%

membership membership 
probabilities probabilities 
>0.01>0.01

46/55 (84%)46/55 (84%)

PLS on PFS

y = 0.55x + 56.62
R2 = 0.55
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y = 0.78x + 28.19
R2 = 0.78
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OSCOSC--filtering also improved prediction ‘progressionfiltering also improved prediction ‘progression--freefree--survival’ (PFS).survival’ (PFS).
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PFS (DAY) Intercepts: R2=(0.0, 0.451), Q2=(0.0, -0.0699)

40 permutations 2 components    
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BUT fail to perform well under validation testing BUT fail to perform well under validation testing –– models are over fitmodels are over fit
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Optimization of PLS ModelsOptimization of PLS Models

For PLS models, a simple correlation map was used to reduce the For PLS models, a simple correlation map was used to reduce the number of binsnumber of bins

Correlation matrix AnalysisCorrelation matrix Analysis

All bins found in top 20% of the loading factorsAll bins found in top 20% of the loading factors
Neither Neither HippurateHippurate or APAP contribute to modelsor APAP contribute to models

TMAO
malonate
DMA

citrate

NMR bin correlation used in 
model

3.28 -0.20
3.12 0.24 ***
2.72 -0.22 ***
2.68 0.31 ***
2.56 0.29
2.52 0.26

Genetic Algorithm approachGenetic Algorithm approach

Bins used in Genetic PLS
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Genetic PLS then used to further reduce the number of binsGenetic PLS then used to further reduce the number of bins
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Performance of Optimized ModelsPerformance of Optimized Models

hh PLSPLS--DA used correlation DA used correlation 
matrix and ‘leavematrix and ‘leave--oneone--out’ out’ 
approachapproach

hh Parameters RParameters R22X and QX and Q22Y Y 
significantly improvesignificantly improve

hh Undesirable noise and Undesirable noise and 
food metabolites avoidedfood metabolites avoided

PLS-DA - (10 bins)
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y = 0.715x + 36.112
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RR22X   30%X   30%
RR22Y   72%Y   72%
QQ22Y   0.45Y   0.45

membership membership 
probabilities probabilities 
>0.01>0.01

53/55 (96%)53/55 (96%)

class predictionclass prediction
69/71 (97%)69/71 (97%)

membership membership 
probabilities probabilities 
>0.01>0.01

53/71 (83%)53/71 (83%)

Overlay of 6 PLS models 
with test results
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PFS (DAY) Intercepts: R2=(0.0, 0.119), Q2=(0.0, -0.233)

40 permutations 2 components    
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RR22YY

QQ22YY

independent testindependent test
63/71 (89%)63/71 (89%)
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Application to NSCLC Clinical Study 100557Application to NSCLC Clinical Study 100557

GOAL: GOAL: To investigate the possible predictive relationship of urinary To investigate the possible predictive relationship of urinary 
metabolic profiles with patient responsemetabolic profiles with patient response

Phase II study 1000557: Phase II study 1000557: 52 NSCLC patients52 NSCLC patients
Urines collected at prescreen (prior to study), cycle 1Urines collected at prescreen (prior to study), cycle 1--day 15, cycle 3day 15, cycle 3--day 1, etcday 1, etc

155 urine samples received and analyzed by 155 urine samples received and analyzed by 11H NMRH NMR

Prescreen: Prescreen: 3535
cycle 1, day 1:cycle 1, day 1: 44 not usednot used
cycle 1, day 1cycle 1, day 15:: 3636
cycle 3, day 1cycle 3, day 1 :: 3434
cycle 5, day 1cycle 5, day 1 :: 21 21 not used not used –– responder onlyresponder only
beyondbeyond :: 25 25 not used not used –– responder onlyresponder only

Clinical data included Best Response, Maximum % Lesion ReductionClinical data included Best Response, Maximum % Lesion Reduction
(M%LR), Time to Progression (TTP) and demographic data(M%LR), Time to Progression (TTP) and demographic data
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Metabolite variability in NSCLC urinesMetabolite variability in NSCLC urines
"Prescreen" urines
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hh Screening and “C1, D15” urines have only one sample with a high Screening and “C1, D15” urines have only one sample with a high food artifactfood artifact

hh Starting with “C3, D1”, ~30% of the patients received refreshmenStarting with “C3, D1”, ~30% of the patients received refreshment prior to collectiont prior to collection

hh All urines from patient All urines from patient xxxxxxxx were abnormal and excluded from the modeling efforts were abnormal and excluded from the modeling efforts 
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Overview of 100557 Metabolic ProfilesOverview of 100557 Metabolic Profiles

NonNon--Responders and patients with short TTP have similar profilesResponders and patients with short TTP have similar profiles
•• lower levels of lower levels of hippuratehippurate, citrate and TMAO and higher acetaminophen, citrate and TMAO and higher acetaminophen

Difference in NMR bins for screen urines (PD vs SD)
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Prediction of Best Response from Prescreen Prediction of Best Response from Prescreen 
Separation of responders and nonSeparation of responders and non--responders achieved in responders achieved in 

PLSPLS--DA with 8 of 190 binsDA with 8 of 190 bins

PLS-DA (8 bins)
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RR22X   35%X   35%
RR22Y   70%Y   70%
QQ22Y   0.31Y   0.31

class predictionclass prediction
32/32 (100%)32/32 (100%)

membership membership 
probabilities >0.05probabilities >0.05

32/32 (100%)32/32 (100%)

PCA1   20%PCA1   20%
PCA2   32%PCA2   32%
PCA3   40%PCA3   40%

membership membership 
probabilities >0.05probabilities >0.05

28/32 (88%)28/32 (88%)

Validation testing of the PLSValidation testing of the PLS--DA model via independent test sets DA model via independent test sets 
resulted in resulted in 30/32 (94%) classified correctly30/32 (94%) classified correctly
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Lesion Reduction and Time to ProgressionLesion Reduction and Time to Progression

PLS (5 bins) on TTP

y = 0.804x + 21.52
R2 = 0.804
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  PLS (5 bins) on Max % 
Lesion Reduction

y = 0.696x - 1.1953
R2 = 0.696
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PLS models for Maximum % Lesion Reduction (M%LR) and Time to ProPLS models for Maximum % Lesion Reduction (M%LR) and Time to Progression gression 
(TTP) based on 5 bins selected via a genetic algorithm from the (TTP) based on 5 bins selected via a genetic algorithm from the top loading factorstop loading factors
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Demographic Analysis of Screening UrinesDemographic Analysis of Screening Urines

PLS (6 bins) on Age

y = 0.71x + 16.65
R2 = 0.71
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RR22X   38%X   38%
RR22Y   72%Y   72%
QQ22Y   0.48Y   0.48
membership membership 
probabilities probabilities 
>0.05>0.05

31/32 (97%)31/32 (97%)

class predictionclass prediction
30/32 (94%)30/32 (94%)

RR22X   42%X   42%
RR22Y   40%Y   40%
QQ22Y   0.23Y   0.23

membership membership 
probabilities probabilities 
>0.05>0.05

29/32 (91%)29/32 (91%)

class predictionclass prediction
25/27 (93%)25/27 (93%)

all large cell classified all large cell classified 
as as adenocarcinomaadenocarcinoma

Metabolite profiling of urine samples also sensitive to demograpMetabolite profiling of urine samples also sensitive to demographicshics

RR22X   40%X   40%
RR22Y   69%Y   69%
QQ22Y   0.46Y   0.46
membership membership 
probabilities probabilities 
>0.05>0.05

31/32 (97%)31/32 (97%)

class predictionclass prediction
31/32 (97%)31/32 (97%)

RR22X   49%X   49%
RR22Y   71%Y   71%
QQ22Y   0.50Y   0.50

membership membership 
probabilities probabilities 
>0.05>0.05

31/32 (97%)31/32 (97%)
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Prediction of Prediction of PharmacodynamicPharmacodynamic ResponseResponse

Model suggests that responders progress away from starting diseaModel suggests that responders progress away from starting disease statese state

RR22X   26%X   26%
RR22Y   37%Y   37%
QQ22Y   0.21Y   0.21

membership membership 
probabilities >0.05probabilities >0.05

70/78 (90%)70/78 (90%)

class predictionclass prediction
70/78 (90%)70/78 (90%)

as screen or as screen or 
either C1 or C3either C1 or C3
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SummarySummary

SorafenibSorafenib achieved FDA approval without needing a biomarkerachieved FDA approval without needing a biomarker

MetabonomicMetabonomic data obtained from prescreen urines was shown to data obtained from prescreen urines was shown to 
be capable of predicting patient outcome in cancer phase II triabe capable of predicting patient outcome in cancer phase II trialsls

•• PLS Models PLS Models –– need to minimize the number of bins used in each modelneed to minimize the number of bins used in each model

•• Use of <5% of the NMR spectrum in the model reduces issues over Use of <5% of the NMR spectrum in the model reduces issues over 
sample variability and food metabolites in urinesample variability and food metabolites in urine

•• Demographic data helped prioritize metabolites, flagged as potenDemographic data helped prioritize metabolites, flagged as potentially tially 
important predictors of patient response, for further prosecutioimportant predictors of patient response, for further prosecution n 

•• Method to overcome over fitting caused the OSCMethod to overcome over fitting caused the OSC--filter was not identifiedfilter was not identified

•• Success in part due to small number of patient samplesSuccess in part due to small number of patient samples

Analysis of RCC phase III trial (3,215 urine samples) in progreAnalysis of RCC phase III trial (3,215 urine samples) in progressss
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