
Geoffrey Liu, MD FRCPC
Alan Brown Chair in Molecular Genomics
Thoracic Oncology, Div. Medical Oncology-Hematology, PMH
Applied Molecular Oncology, Medical Biophysics, OCI
Department of Epidemiology, Dalla Lana School of Public Health
University of Toronto

Pharmacogenetics of 
Upper Aerodigestive Cancers: 
A Journey from hope to despair and back

PMH-OCI



Upper Aerodigestive Tract Cancers

• Head and Neck Cancer
• Esophageal Cancer
• Lung Cancer

• “similar” epidemiological risk factors (smoking)
• “similar” therapies (cisplatin), taxane)
• “similar” markers (EGFR)



Goals of Presentation

• Define Genetic Variation and Pharmacogenetics

• Present a historical perspective on development of this 
field in upper aerodigestive cancers

• Present opportunities for current and future research in 
this area



Human Variation
• Each human person carries millions of normal variations 

in our DNA

– Variations dictate everything from hair colour to shape 
of toenails

– Common variations are called polymorphisms

– We carry the same variations throughout life except 
when a mistake is made during cell division, where 
errors may lead to diseases such as cancer

– Each parent passes ½ of our variations to our 
children



Genetic Polymorphism

• Common variations in genetic code (>1% incidence 
in study population)
– Otherwise called germline mutations
– Inherited
– Can be determined from a blood sample 



Single Nucleotide Polymorphisms
• A Single substitution in the DNA 

sequence

• A C
• A T
• A G

A     T G     C



Insertion (Deletion)

•
C  A  T  C  A  T  C  A  T  C  A  T  C  A  T  C  A  T  C  A  T 

His       His        His       His       His        His     His 

C  A  T  C  A  T  C  A  T  A C  A  T  C  A  T  C  A  T  C  A   

His       His        His       Thr Ser       Ser        Ser



VNTR (Variable Number Tandem Repeats)

Microsatellite



Copy Number Variants

• A duplication or deletion involving > 1kb of DNA

– Non-homologous end joining
– Non allelic homologous recombination
– Can affect expression levels, function



Polymorphisms can alter function through 
multiple mechanisms

Promoter Exon UTRsIntron

Conformational change
Binding site change
Early termination



Polymorphisms can alter function through 
multiple mechanisms

Promoter Exon

UTRs

UTRsIntron

“junk areas”Regions that are 
spliced into 
non-coding RNAs

mRNA
Transport guidance 
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Pharmacogenetics
• Pharmacogenetics: The study of how human variation (polymorphisms) 

affect our response to drugs

PRO-DRUG

ACTIVE DRUG

INACTIVE DRUG

Metabolic enzymes

Drug targets

Drug 
- transporters
- binders
Body habitus

Drug absorption

Drug excretion



Genes involved in PDGenes involved in PD
Drug mechanism of action.
targets/downstream effectors

Genes involved in PKGenes involved in PK
Drug Absorption/Transport
Activation/Metabolism/Excretion 

History of History of ““SuccessesSuccesses”” in in 
PharmacogeneticsPharmacogenetics

OutcomeInvolved in:Genetic VariationDrug

Efficacy

Toxicity

Toxicity

Toxicity

PKCYP2D6Tamoxifen

PK and PDCYP2C9 & VKORC1Warfarin

PKUGT1A1Irinotecan

PKTPMT6MP and AZA

Hematology/Hematology/OncologyDrugsOncologyDrugs with FDA label modificationswith FDA label modifications



UGT1A1 gene and irinotecan:
TA indel polymorphism is associated with ANC nadir

Correlation between absolute 
neutrophil count (ANC) nadir 
(log scale) and TA indel
genotype 



1. Candidate polymorphism approach

• Data supporting association with disease, outcome, 
or function
– Biologic (genotype-phenotype, in vivo studies)
– In silico “predictive function”
– Evolutionary
– Epidemiologic 



Platinum-DNA
adduct formation

Cisplatin





XPD and XRCC1 polymorphisms

• Differential activity 

• Case-control studies of lung cancer risk

Can these polymorphisms explain 
differences in outcome after platinum 
treatment in NSCLC patients?



Hypothesis

• Variant genotypes of the DNA repair genes, XPD and 
XRCC1, affect survival in advanced NSCLC patients 
treated with platinum-based regimens



Number of somatic 
mutations

Tumor aggressiveness

Survival

Effect of DNA repair on outcome

Removal of platinum-
DNA adducts

Function of platinum 
chemotherapy

Survival

DNA Repair



Patient selection

251 patients with histologically-proven advanced NSCLC,
5+ years follow-up and available medical records

103 patients with complete genotype data
for XPD and XRCC1

112 patients treated with platinum agents 
at MGH Cancer Center



Genotyping

• DNA from whole blood 

• Genotyping by PCR-RFLP
– XPD/ERCC2 (Asp312Asn)
– XRCC1 (Arg399Gln) 



Clinical Outcome

• Overall survival
• Dates of death confirmed through

– SSDI
– Outpatient/inpatient records
– MGH tumor registry

• Patients not deceased were censored at
– Last date of clinic follow-up or 
– Last date known alive 



Patient Characteristics

Male
Female

IIIA
IIIB
IV

26 (25%)
30 (29%)
47 (46%)

58 (32-77)Median age

86No. of events

53 (51%)
50 (49%)

Gender

Stage

103Total

NDemographics

Gurubhagavatula et al, JCO 2005



Median Survival Times

63.9 months

28.6
16.0
9.3

26
30
47

IIIA
IIIB
IV

Median f/u time

By 
Stage

14.9103Total

MST (months)n

Stage was not associated with any genotypes

Gurubhagavatula et al, JCO 2005



*by Cox proportional hazards model adjusted for stage and PS
**homozygous wildtype

2.11 (1.49-2.98)7.710Gln/Gln
(Variant)

1.45 (1.03-2.05)11.442Arg/Gln
(Hetero)

1.0 (reference)

p=0.07

17.351Arg/Arg**
(Wildtype)

XRCC1 
Arg399Gln

Hazard Ratio (95% 
CI)*

Logrank 
test

MST 
(mos)nGenetic polymorphism

XRCC1 variant genotypes are associated 
with poorer survival

Gurubhagavatula et al, JCO 2005



0

0.25

0.5

0.75

1

0 10 20 30 40 50 60
Survival Time (months)

Su
rv

iv
al

 P
ro

ba
bi

lit
y

Log rank p=0.07

S
ur

vi
va

l P
ro

b a
b i

lit
y

Survival (months)

Arg/Arg wt

Arg/Gln het

Gln/Gln var

XRCC1 Genotypes and Overall Survival

Gurubhagavatula et al, JCO 2005



*by Cox proportional hazards model adjusted for stage and PS
**homozygous wildtype

1.84 (1.31-2.58)6.612Asn/Asn
(Variant)

1.36 (0.97-1.90)15.241Asp/Asn
(Hetero)

1.0 (reference)
p=0.003

16.350Asp/Asp**
(Wildtype)XPD 

Asp312Asn

Hazard Ratio (95% 
CI)*

Logrank 
testMST (mos)nGenetic polymorphism

XPD variant genotypes are associated 
with poorer survival

Gurubhagavatula et al, JCO 2005
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*by Cox proportional hazards model adjusted for stage and PS
**double homozygous wildtype

2.80 (2.20-3.57)6.8133 variant alleles

1.99 (1.56-2.53)11.0242 variant alleles

1.41 (1.11-1.80)16.6401 variant allele

1.0 (reference)

p=0.009

20.4260 variants**

Combined

Hazard Ratio (95% 
CI)*

Logrank 
testMST (mos)nGenetic polymorphism

The combination of variant genotypes is 
associated with poorer survival

Gurubhagavatula et al, JCO 2005
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Summary

• Evaluation of DNA repair gene polymorphisms is 
feasible

• XPD and XRCC1 variant genotypes, both alone and 
in combination, are associated with decreased overall 
survival in platinum-treated NSCLC patients

• …then information surfaced on the importance of 
ERCC1 in cisplatin-related DNA repair
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Zhou et al, CCR 2005



DNA Repair Polymorphism and Grade III/IV 
Gastrointestinal (GI) Toxicity

• 147 NSCLC patients treated first-line with combined chest 
radiation and platinum-based chemotherapy

• 93% were PS ECOG 0/1

• Stage
– 6% were stage I and II, 46% were stage IIIA, 39% were

stage IIIB, and 9% were stage IV 

• Treatment
– 42% received cisplatin, 58% received carboplatin

• Thirty-one (21%) patients experienced Grade III/IV GI 
toxicity (nausea, n=10; vomiting, n=4; esophagitis, n=20)

ASCO abstract, 2004
Zhou et al, CCR 2005



ERCC1 polymorphism and GI toxicity 

1.00 
2.77 (1.15 – 6.66)

11 (15%)
17 (32%) 

72
53 

C/C
C/A or A/A

Stage III 
only 

1.00 
2.83 (1.24-6.47) 

12 (14%)
19 (30%) 

85
62 

C/C
C/A or A/A

All stages 

Adjusted OR 
(95% CI) 

Grade III/IV GI 
toxicity: 

n (%) 

Total 
n 

ERCC1 
C8092A

Zhou et al, CCR 2005



“Future Directions”

• Validation studies 

– Same disease site, same drug

– Different disease site, same drug

• Other DNA repair gene polymorphisms

– “Comprehensive” evaluations



Since then…lung cancer validation?

XRCC1 7 
3 Asian/4 
Cauc.
(n= 36-248)

XRCC1Arg399Gln Platinum. Gln/- associated 
with worse GI toxicity in 
single Asian study[AOR 2.53 
(1.06-6.03); p=0.03]. Gln/Gln
worse survival in stage IIIA/B 
in US study, better survival in 
Italian study.

3
2 Asian/1 
USA
(n=36-229)

XRCC1 Arg194Trp;  
XRCC1 Arg280His(single 
Asian study)

Arg/Arg worse toxicity with 
gem/docetaxel in single 
study (p=0.03) .No tox. assoc. 
with cisplatin in 2nd study. No 
OS assoc.

XPD 7 
2 Asian
(n=36-248)

XPD Asp312Asn; 
XPD Lys751Gln;

No assoc. in 5 studies.Variant
genotype (-312Asn/Asn) 
worse OS in single study 
(p=0.003). -751Lys/Lys assoc. 
with Gr 4 neutropenia in one 
(p=0.02)



RRM1 2
Mixed, n=205
Spanish, 
n=62

RRM1 –37A/C; RRM1-524C/T
No Gemcitabine -37A/C in 
haplotype combination with -
524T/T better DFS [AHR 0.59 
(0.35-1.00) p= 0.05]. No 
association in Spanish study

2
Korea, n=97
Spain, n=135

Gemcitabine treqtNo
associations. 

ERCC1 7       
3 Asian; 4 
Cauc. (n=65-
423)

ERCC1 118C/T Platinum. C/C better OS/RR in 
3 Asian studies. 
No associations in 4 studies 
in Caucasians.

3 
1 Asian; 2 
USA
(n= 128-423)

ERCC1 8092C/A; Platinum. C/C had better OS  
and A/- had increased GI 
toxicity in US study 

1   
China, n=162

ERCC1(262G/T;433T/C; 
3525C/T; 4855C/T; 14443C/A)

Small cell only + Carboplatin
/VP16. 262T/T worse OS [AHR 
1.98;p=0.017].

ERCC1



Reasons for lack of validation

• Heterogeneous populations
• No clear functional genomics data
• Small sample sizes
• “Fuzzy” hypothesis
• Multiple hypotheses
• “not a true matching validation set”



• 237 genetic variations in 79 studies. 
• Survival was the outcome in 89% of the studies
• Toxicity was outcome in 22%. 
• Candidate polymorphisms in the DNA repair/synthesis pathway 

were the most frequently studied. 
• Results were conflicting
• Many had little functional genomic data
• strong evidence supporting validation in large-scale confirmatory 

studies of any single polymorphism was lacking.
• Heterogeneity in study populations and inconsistencies in 

methodology between studies were common.
• Almost all were candidate polymorphism-based

Inherited Genetic Variation and Lung Cancer Outcomes

Horgan AM, Yang B, John T, Cescon D, Wheatley-Price P, Shepherd FA, Liu G.



Treatment Modalities

8 (8%)Non-Platinum 1st Line Agent

8 (8%)Other Platinum Combinations

3 (3%)Cisplatin-Etoposide

21 (20%)Cisplatin-Vinca Alkaloid

63 (61%)Carboplatin-Taxane

1st line Chemotherapy Regimens

66 (64%)Radiation to Primary Tumor





Reasons for discrepancy?

• Cisplatin vs carboplatin?
• Disease site specificity?

• False positive result(s)?
– Small sizes
– Heterogeneous populations (treatments)?

N                    %



DNA repair 
polymorphisms 
and Cisplatin-
based and non-
cisplatin treated 
esophageal 
Boston-based
cancer patients

(Bradbury et al
in preparation)



Possible Validation Datasets

• Lung Cancer: BR.10, BR.24, TORCH, BRC4
• Head and Neck: HN.6
• Esophageal: RTOG, TROG

• Local observational datasets:
– Lung Cancer (>300 with cisplatin treatment)
– Head and Neck (>100 with cisplatin treatment)
– Esophageal cancer (>100 with cisplatin treatment)



• Best candidates (at least 2 positive studies, any 
number of negative underpowered studies allowed)

– ERCC1 118C/T in Asians
– EGFR intron 1 and –216G/T in EGFR treated 

patients
– GSTM1-null
– p53Arg72Pro
– MDM2309

Inherited Genetic Variation and Lung Cancer Outcomes
Horgan AM, Yang B, John T, Cescon D, Wheatley-Price P, Shepherd FA, Liu G.



Pharmacogenetic Example: Pharmacogenetic Example: 
EGFR polymorphisms and EGFR TKIs (2004-)

Review of existing PK/PD/PG data In silico and bioinformatic
determination of best targets

Haploview/Tagger

SIFT/PolyPhen/Coddle

SNP - HapMap

I2D/PPI Networks

Proprietary PK data

PGRN and public source PK/PG/PD data



Pharmacogenetic Example: Pharmacogenetic Example: 
EGFR polymorphisms and EGFR TKIs (2004-)

Functional Assays

Luciferase
Promoter
Assays

Haplotype
Constructs
and functional
Binding and
Expression assays

Promoter Analysis
AMPL

Gene Expression/Binding Assays
Collaboration with A. Adjei
(Mayo/RPCI)/STTARR

Identification of 
key targets to test in patient samples

Liu et al, CR 2005



PMH OCI

Progression-free Survival (months)
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Logrank p=0.005

Liu et al, TPJ 2007



EGFR 7
3 Asian, 4 
Cauc
n = 70-173

EGFR intron 1 
(CA)nShorter/Longer

With Gefitinib.No assoc. with 
OS in 5 studies. Longer assoc. 
with worse OS in single Asian 
study(p=0.039) 
No Gefitinib: Longer
associated with better OS in 
single US study (p=0.03)

1
Italy; n=124

ABCG2 421C/A Gefitinib.A/- associated with 
diarrhea (p=0.0046)

4
1 Asian; 
3Cauc
n= 92-170

EGFR -216G/T
EGFR -191C/A

Gefitinib: T allele of -216 better 
PFS alone or in combination 
with Intron 1S/S in US 
study.Combination assoc. with 
better OS (p=0.02). EGFR1 GC
haplotype worse OS (p=0.015) 
but only when analysis 
restricted to stages 0 and 1in 
2nd study.



Possible Validation Studies

EGFR TKI treated patients
• Lung Cancer

– BR.21 
– BR.19 
– TORCH
– BRC4

• Head and Neck Cancer
– HN.6

Lung Cancer General prognosis (GSTM1, p53, MDM209)
• BR10+BR19 no treatment arms, BR24 both arms



• 24 polymorphisms had at least one positive 
association with outcomes in HNC

• All 24 and one since published are being validated in 
540 early stage HNC patients all treated uniformly 
with radiation.
– Using data/specimens from Phase III Secondary 

prevention study of AT/BC.

Systematic Validation Approach



To the extreme Exploratory 
candidate polymorphism array chip

• 520 esophageal cancers from Boston
– All stages
– All treatments

• 1536 Candidate polymorphisms in various cancer-
related, oncogene, tumor suppressor, cell cycle, 
apoptotic, xenobiotic metabolism and 
pharmacogenetic pathways chosen from 
polymorphism literature of upper aerodigestive
cancers 

• Validation in Toronto samples +/- RTOG? +/- TROG?



2. Tagging Approach

• Tag/Block analysis
– One SNP ≠ function
– Utilizes LD structure to reduce number of 

polymorphisms required to be genotyped to 
identify most/all of the common genetic variation in 
a gene

– Still need to pick the genes of interest
– Potential misclassification since most haplotypes

are inferred from computer programs



Haplotypes and Tagging

• Multiple SNPs located close together . 

• Haplotype blocks are smallest segments of DNA 
containing SNPs that tend to be conserved without 
recombination and inherited as a unit

• Haplotype analysis = analyze the block rather than a 
single SNP



A       C       A       T       G        T

A       C       C       G       C        T

G       T       C       G       G        A

A       C       A       T       G        T

A       C       C       G       C        T

G       T       C       G       G        A

A       C       A       T       G        T

A       C       C       G       C        T

G       T       C       G       G        A

A       C       A       T       G        T

A       C       C       G       C        T

G       T       C       G       G        A

A       C       A       T       G        T

A       C       C       G       C        T

G       T       C       G       G        A

A       C       A       T       G        T

A       C       C       G       C        T

G       T       C       G       G        A

Reducing the number of markers
In Haplotypes



Using 5 TagSNPs to define variation in a gene

Each colour is a different haplotype block

TagSNP



In silico mapping
Human EGFR Linkage Disequilibrium

5’

’

5’

3’

3’

’
A graphical depiction of Caucasian-American EGFR linkage disequilibrium within 
the area resequenced. Pairwise D' values are shown (P< 0.05). 



Tagging

• Hard to do using archival FFPE samples (too much 
DNA)

• Exploratory

• Easier to do using blood
– TORCH
– BRC4/MARVEL
– BR.24



TagSNPs

• TagSNP has association with outcome

• In silico functional evaluation of SNPs
in LD with TagSNP

• Deep resequencing to identify new 
polymorphisms in LD In silico
functional evaluation

• Biological functional evaluation 
often partnered with site known to 
have the constructs, etc. If not, will 
need to develop

• Replicate/validate in 
other datasets



Combined TagSNP and candidate 
SNP selection approaches



Association of Vascular 
Endothelial Growth Factor and 
Vascular Endothelial Growth 
Factor Receptor-2 Genetic 
Polymorphisms With Outcome in 
a Trial of Paclitaxel Compared 
With Paclitaxel Plus 
Bevacizumab in Advanced 
Breast Cancer: ECOG 2100
Bryan P. Schneider, Molin Wang, Milan Radovich, 
George W. Sledge, Sunil Badve, Ann Thor, David A. 
Flockhart, Bradley Hancock, Nancy Davidson, Julie 
Gralow, Maura Dickler, Edith A. Perez, Melody 
Cobleigh, Tamara Shenkier, Susan Edgerton, Kathy D. 
Miller JCO Oct 2008

(A) VEGF-2578 C/A
(B) VEGF-1154 G/A.





VEGFR TKI Pathway Approaches

VEGFR TKI

FLT1/
VEGFR1





Gene Drug

Literature 
polymorphism

Number of 
tagSNPs

Tier 1 Tier 2

VEGF(A) VEGF 
TKI

–2578C>A; -1498C>T; -
1154G>A;        -

634G>C; -460C>T; 
+405G>C;  +936C>T

20

KDR/VEG
FR2 VEGF 

TKI

-604C>T; +4422 AC 
repeat; V297I; Q472H 24

FLT1/VEG
FR1 VEGF 

TKI

C519T (GenBank
D64016) 41



Pathway analyses

• “Global pathway”
• Equally weighted pathways
• Weighted pathways 



3. Genome-wide approach

• Microarray “Chip” technology
• Non-hypothesis driven
• Hypothesis generation
• Multiple comparisons – potential false positive associations

– Costly
– Needs multiple replications/validations in other datasets
– Developmental bioinformatics and high dimensionality 

biostatistics required (techniques in development currently)



Head and Neck Cancer Radiation 
Outcomes Study (co-PIs Liu/Meyer)

• 540 HN cancers from Quebec in completed Phase III 
study of secondary prevention using alpha-
tocopherol/beta-carotene

• DNA extracted/mature clinical outcomes data

• Toronto observational dataset validation?
• HN.6 validation?



Toronto Lung Cancer GWAS dataset 
(PI – Hung/co-PI Liu)

• 419 Caucasians with Lung Cancer GWAS
• All stages and treatments
• CCO survival data
• Anne Horgan working on outcomes

• BR.24 validation?
• Boston validation?
• PMH validation?
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Using networks
and expression data
to rank candidates
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To Bioinformatically-inform the weighting of data



Vit D Resequencing
data (A. Adjei, Roswell 
Park CI)

Samples, Serum, and 
Epidemiology (F. Meyer, I 
Bairati, P. Douville, Laval)

Bioinformatics analysis
(I. Jurisica, PMH and 
S. Savas, Memorial)

Pharmacogenetic Epidemiology of 
Vitamin D in Head and Neck Cancer Outcomes

Genotyping,Epidemiology 
and Analysis (G. Liu, W. 
Xu, PMH)

Multi-institutional, International Collaboration using
Global, Unweighted and Weighted Pathway Analyses

of Combined Candidate Polymorphism + Tagging Approaches
+ Secondary analysis of GWAS 



Summary
• Traditional Candidate polymorphism selection 

requires
– Rigorous functional genomic evaluations
– Multiple validation datasets

• Pathway and Tagging Approaches may be more 
helpful

• GWAS has both potential benefits but limitations

• ? Bioinformatically informed analysis



Main Laboratory
• Promise
• Opportunity
• Mentorship



The “Teams”Liu Clinical Team
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•Dangxiao Cheng
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•Marjan Emami
•Azad Kalam
•Joe Geraci (Bioinformatics)
•Jianbao Wu (Biostatistics)
•Crystal Johnston

Bioinformatics/Biostatistics
•Toronto (Wei Xu, Clement Ma, Igor 
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•Harvard (Xihong Lin)

Roswell Park Collaborators
•Araba and Alex Adjei
•Mary E. Reid
Genome Quebec Collaborators
•Sharon Marsh

NCIC Collaborators
•Kathy Pritchard
•Karen Gelmon
•Lillian Siu/Amit Oza/Eric Chen
•Joe Pater
•Judy-Anne Chapman
•Keyue Ding
•Stephen Chia
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•Isabelle Bairati
•Francois Meyer
•Elodie Sampson

Harvard Collaborators: 
•David Christiani
•Rihong Zhai
•Kofi Asomaning
•Monica Ter-Minassian
•Matthew Kulke
•Li Su
•Mike Wang
•Rebecca Heist
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•Rayjean Hung


