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Common, functional, germline genetic polymorphisms have been associated with clinical cancer outcomes.
Little attention has been paid to the potential phenotypic consequences of germline genetic variation on
downstream genes. We determined the germline status of 16 well-characterized functional polymorphisms
in 126 children with newly diagnosed acute lymphoblastic leukemia (ALL). We assessed whether global
gene expression profiles of diagnostic ALL blasts from the same patients differed by these germline poly-
morphic genotypes. Gene expression values were adjusted for ALL-subtype-specific patterns. Of the 16
loci, only the UGT1A1 promoter repeat polymorphism [A(TA)nTAA] (UGT1A1*28 ) and GSTM1 deletion
were significant predictors of global gene expression in a supervised approach, which divided patients
based on their germline genotypes [UGT1A1: 124 probe sets, false discovery rate (FDR) 5 13%, P � 0.0031;
GSTM1: 112 probe sets, FDR 5 42.5%, P � 0.0084]. Genes whose expression distinguished the UGT1A1
(TA) 7/7 genotype from the other UGT1A1 genotypes included HDAC1, RELA and SLC2A1; those that distin-
guished the GSTM1 null genotype from non-null genotype included NBS1 and PRKR. In an unsupervised
approach, the gene expression profiles using the entire array delineated two major clusters of patients.
The only germline genotype frequency that differed between the two clusters was UGT1A1 (P 5 0.002;
Fisher’s exact test). Although their expression is limited to specific tissues, both GSTM1 and UGT1A1 are
involved in the conjugation (and thus transport, excretion and lipophilicity) of a broad range of endobiotics
and xenobiotics, which could plausibly have consequences for gene expression in different tissues.

INTRODUCTION

There is considerable interest in the possible impact of
common, functional, germline polymorphisms on clinical out-
comes among patients with cancer (1–6). Direct mechanistic
studies can attribute differences in tissue-specific enzyme
activity or substrate selectivity in gene products to germline
genetic variation. However, relatively little attention has
been paid to the possible consequences of germline variation
on genome-wide phenotypic variation, which may have
distinct effects on a variety of human tissues. For example,

germline genetic variation of gene products involved in
hepatic metabolism of a substrate (e.g. cytochrome P450
mediated synthesis of steroids) affects not only the liver
tissue where metabolism localizes but also the distant tissues
(vasculature, skeletal muscle, central nervous system, lym-
phoid tissue, kidney, etc.) that are responsive to the down-
stream effects of the circulating substrate (e.g. transcription
regulated by steroid-sensitive nuclear hormone receptors).

The development of microarrays provides an efficient
method of interrogating the possible broad effects of germline
variation by enabling analysis of phenotype at the transcript
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level. Gene expression profiling has been shown to identify
molecular subtype and the risk of relapse in acute lymphoblas-
tic leukemia (ALL) (7). In addition, it may be used to deter-
mine genetic risk factors in irradiation-induced brain tumors
(8) and treatment-related myeloid leukemia (7). Within an
individual, gene expression differs substantially among differ-
ent tissue types (9). However, constitutive gene expression in
brain, liver and lymphoid tissue demonstrates significant
heritability (10–12), suggesting that germline genetic poly-
morphisms might affect gene expression and function across
multiple tissue types, although this has yet to be studied.

Herein, we have compared global gene expression among
unrelated individuals based on their germline genotypes at
16 functionally important polymorphic loci in genes involved
in endobiotic and xenobiotic uptake, metabolism and detoxifi-
cation. Our findings demonstrate that germline polymorphisms
can affect gene expression profiles.

RESULTS

Genotype distributions were consistent with Hardy–Weinberg
equilibrium within each race. However, distributions of geno-
types between white and black patients were quite different,
with genotype frequencies at nine of the 16 loci differing
significantly by race (P , 0.05). In addition, within our sample
population that had both genotype and gene expression data
available, only 25 out of 165 patients were black. Because
of the substantial racial differences in the genotype frequen-
cies and in the functional consequences of some polymorph-
isms (13) and also because of the small number of black
patients, we performed the gene selection analyses (described
subsequently) within white patients, the largest racial group
(n ¼ 126).

None of the germline polymorphisms was significantly
associated with the major molecular and immunophenotypic
subtypes of ALL (P ¼ 0.12–0.86; Supplementary Material,
Table S1).

Supervised analysis of the association between
polymorphisms and gene expression

One-way analysis of variance (ANOVA) revealed that the
adjusted gene expression profiles were significantly associated
with germline polymorphisms for two of the 16 loci: GSTM1
and UGT1A1 (Fig. 1; Table 1). We also treated the three gen-
otypic categories as ordered categorical variables to enforce
the effect of the heterozygous genotype as intermediate and
preserve the assumption of no heterosis. UGT1A1 and
GSTM1 remained the only polymorphisms that significantly
clustered gene expression (data not shown).

For the GSTM1 deletion polymorphism, two genotypes
were possible (null or non-null). When the t-test was applied
to the adjusted expression levels to order the probe sets, at
P , 0.001, 19 probe sets distinguished GSTM1 genotype
with a false discovery rate (FDR) ¼ 30.8% (Table 1). To
determine the optimal number of probe sets to distinguish the
null from the non-null GSTM1 genotype, two-means clustering
was performed. The optimal number of probe sets to distin-
guish GSTM1 genotypes was 112, P � 0.0084, but with a

high FDR of 42.5% (Supplementary Material, Fig. S1).
Permutation analysis was used to evaluate the significance
of these selected probe sets and on the basis of 500 permu-
tations, the average number of significant (P � 0.0084)
probe sets was 40. Only 10 permutations (2%) yielded a
higher number of significant (P � 0.0084) probe sets than
the observed 112 probe sets. The top distinguishing probe
sets are indicated in Supplementary Material, Table S3.
GSTM1 and GSTM4 probe sets, both of which are likely to
anneal to GSTM1 (deleted from the germline in GSTM1 null
individuals), were the most significant probe sets that distin-
guished GSTM1 genotypes. Because our objective was to dis-
cover additional genes affected by the 16 germline
polymorphisms, these two probe sets were excluded from
the estimates of FDR and hierarchical clustering. Two-third
versus one-third cross validation using the selected 112
probe sets provided an estimated prediction accuracy of
83%. The distinguishing probe sets included FYN, WEE1,
NBS1 and PRKR (Supplementary Material, Table S3).

Gene expression signals that were not adjusted for ALL
subtype also differed by GSTM1 genotype (Supplementary
Material, Table S2), with the top 100 selected probe sets over-
lapping by 70% between the analyses using the adjusted and
the unadjusted expression signals.

For UGT1A1, the initial ANOVA included all three geno-
types (6/6, 6/7 and 7/7) for gene selection. At P , 0.001, 94
genes distinguished UGT1A1 genotype, with FDR ¼ 5%
(Table 1). To further explore which of the three main genoty-
pic categories accounted for the primary differences among
the gene expression profiles, we performed pair-wise compari-
sons between the three UGT1A1 genotypes (Supplementary
Material, Fig. S2), and found that the 7/7 genotype differed
from both the 6/7 and 6/6 genotypes, whereas the 6/6 genotype
did not differ substantially from the 6/7 genotypic group.
Thus, the two genotypes with six (TA) repeats (i.e. 6/6 and
6/7) were pooled as one genotypic group (6/�) and compared
with the 7/7 group to generate the final probe set selection
(Supplementary Material, Table S4). The t-test was applied
to the adjusted expression levels to order the probe sets and
at P , 0.001, 149 probe sets distinguished the two UGT1A1
genotypic categories with an FDR of 3.2% (Table 1). To
determine the optimal number of probe sets to distinguish
UGT1A1 7/7 genotype from the other genotypes, two-means
clustering was performed. The optimal number of probe
sets was 124, P � 0.0031, with an FDR of 13% (Fig. 2).
Permutation analysis was performed to evaluate the signifi-
cance of these selected probe sets and on the basis of 500
permutations, the average number of significant probe sets
was 13 (P � 0.0031). Only two permutations (0.4%) had
more significant probe sets than the observed 124 probe sets.
Leave-one-out cross validation using the selected 124 genes
provided an estimated prediction accuracy of 87% for
UGT1A1 genotypes. Probe sets distinguishing UGT1A1 geno-
types included HDAC1, TOP2B, RELA and SLC2A1 (Sup-
plementary Material, Table S4).

Gene expression also differed by UGT1A1 genotype when
gene expression signals were not adjusted for ALL subtype
(Supplementary Material, Table S2). The top 100 selected
probe sets overlap 81% between the analyses using the
adjusted and unadjusted gene expression signals.
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Unsupervised analysis of the association
of polymorphisms and gene expression

We applied hierarchical clustering to the adjusted gene
expression signals of all 7369 probe sets, which defined two
major clusters, designated cluster A and cluster B, with sizes
of 85 and 41 patients, respectively. The distributions of geno-
types for each of the 16 polymorphic loci were then compared
between the two clusters. The only locus whose genotype fre-
quency differed significantly between clusters A and B was
UGT1A1 (P ¼ 0.002) (Supplementary Material, Table S5).

Expression of polymorphic genes

Of the 13 polymorphic genes, only NR3C1, GSTM1, GSTP1,
TPMT, MTHFR, RFC and TYMS were themselves represented
on the array with probe sets that passed the detection filter. Of
these seven loci, GSTM1 was the only gene that was differen-
tially expressed between genotypes corresponding to that
locus, with median expression levels of 5885 in patients
with the non-null genotype and 2174 in those with the null
genotype (t-test, P , 0.0001). The fact that expression levels
in the null genotype were as high as they were may be due

Figure 1. Distributions of P-values (left panels) for genotype versus gene expression profiles for the two loci [UGT1A1 (top) and GSTM1 (middle)] that were
associated with gene expression profiles and one [GSTP1 (bottom)] that was not significantly associated. Histograms illustrate observed P-values from ANOVA,
where the y-axis represents the number of genes at a given P-value (alpha) depicted on the x-axis. Over-representation of small P-values (for UGT1A1 and
GSTM1 ) suggests a significant relationship between genotypes and gene expression. The corresponding graphs on the right panel depict the number of
genes (left y-axes) with P-value less than any given P value cut-off (right y-axes), the estimated q-value/FDR (lower x-axes) and the estimated number of
true positive genes (top x-axes).
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to possible cross-hybridization of the GSTM1 probe set with
GSTM4, as they share homology. We examined whether it
was possible to predict GSTM1 genotype based on GSTM1
expression level. We determined that an absolute expression
level of 3750 maximized accuracy of genotype prediction
in the original ‘training’ set of the 126 children, with a
prediction accuracy of 88%.

Independent validation of genes distinguishing
GSTM1 genotype

We used the expression array results and GSTM1 genotypes
from an additional 81 Caucasian children with ALL from the
Total XIIIA treatment protocol at St Jude Children’s Research
Hospital as a test set (7). Two-means clustering using the 112
probe sets that distinguished GSTM1 genotypes in the original
training set generated two clusters in the test set, between
which the GSTM1 null genotype significantly differed in fre-
quency (Fisher’s Exact test, P ¼ 0.036). Linear discriminant
analysis using the 112 probe sets correctly predicted 62% of
the GSTM1 genotypes among these 81 patients (P ¼ 0.038).

DISCUSSION

Many studies have successfully used microarray technology to
interrogate the association between genome-wide expression
profiles and various phenotypic endpoints (14–22). Acquired
genomic abnormalities and mutations in somatic cells have
been correlated with gene expression (7,23,24). In addition
to directly affecting the encoded gene, germline polymorph-
isms could influence the phenotype of gene expression by
virtue of downstream effects of the encoded gene, and

could thereby regulate global gene expression in distant
tissues. However, to date, little attention has been paid to
the possible consequences of germline genetic variation on
genome-wide expression in human tissues.

We found that a common germline genetic polymorphism
in the UGT1A1 promoter (UGT1A1�28 ) was the most signifi-
cant predictor of global gene expression, although its product
is not expressed in bone marrow. UGT1A1 is the major
UDP-glucuronosyl transferase isoform expressed in the liver
and is the principal isoform to catalyze bilirubin glucuronida-
tion. Six TA repeats [A(TA)6TAA (UGT1A1�1 )] correspond
to the higher activity, ‘wild-type’ allele, whereas the variant
allele of seven TA repeats [A(TA)7TAA (UGT1A1�28 )] is
associated with Gilbert’s syndrome (25). Functional studies
have shown that glucuronidation in UGT1A1 6/7 heterozy-
gotes is closer to that seen in 6/6 homozygotes than the low
activity 7/7 homozygotes (25–28), consistent with our
finding that gene expression in the 6/7 heterozygotes was
similar to the 6/6 homozygotes, whereas gene expression in
the 7/7 genotype was distinct.

One mechanism by which UGT1A1 genotype could affect
downstream gene expression is through glucuronidation of
17b-estradiol (29). It is a ligand for estrogen receptor-alpha,
which regulates transcription in diverse target cells (30).
Patients with the UGT1A1 7/7 genotype would be expected
to have higher concentrations of the unconjugated ligand
and thus greater activation of the receptor (31,32).

The levels of several of the genes which differentiated the
two UGT1A1 genotypic groups could be related to altered
17b-estradiol levels. These include RELA, a component of
the NFkB transcription factor complex that regulates many
genes involved in immunity and inflammation (33); HDAC1,
a component of the histone deacetylase complex that regulates

Table 1. Number of significant probe sets and FDR estimations for all polymorphisms using expression levels adjusted for ALL subtypes

P-value cut-off ¼ 0.001 P-value cut-off ¼ 0.005

N FDR (from
q-value)

Empirical
FDR (from
permutation)

Permutation
P-value

N FDR (from
q-value)

Empirical
FDR (from
permutation)

Permutation
P-value

CYP3A4�1B 18 38.6 100 0.52 68 51.6 76.5 0.34
CYP3A5�3 8 75.7 93.8 0.5 37 81.6 89.2 0.42
GSTM1 deletion 19 30.8 26.3 0.020 92 32.2 32.6 0.01
GSTP1 313 A.G 7 61.2 63.6 0.22 33 100 97 0.47
GSTT1 deletion 5 98 100 0.74 27 98 100 0.67
MDR1 exon 26 3435 C.T 5 99.9 100 0.70 32 99.9 100 0.52
MDR1 exon 21 2677 G.T/A 10 65.7 60 0.24 33 99.9 100 0.50
MTHFR 1298 A.C 3 99.5 100 0.91 21 99.5 100 0.89
MTHFR 677 C.T 11 64.6 100 0.53 28 99.9 100 0.68
NR3C1 1088 A.G 23 30.2 47.8 0.15 69 50.6 58 0.14
RFC 80G.A 8 78.2 75 0.31 37 90.3 81.1 0.32
TPMT 9 74.5 100 0.73 39 93.6 100 0.61
TYMS enhancer repeat 7 70.9 85.7 0.45 28 100 100 0.63
VDR Fok 1 start site T.C 5 99.9 100 0.78 25 99.9 100 0.82
VDR intron 8 G.A 3 100 100 0.90 13 100 100 0.98
UGT1A1�28 (6/� versus 7/7) 149 3.2 6 0.002 366 6.6 9.7 0.002
UGT1A1�28

(6/6 versus 6/7 versus 7/7)
94 5 8.5 0.004 246 9.5 13.8 0.004

N, Number of probe sets whose P-value for association with the genotype of interest is less than the cut-off P-value.
6/� represents 6/6 and 6/7 genotypes combined.
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eukaryotic gene expression (32,34) and SLC2A1, a glucose
transporter in the blood–brain barrier (35,36).

Glucuronidation of several other endobiotics, such as thy-
roxine and leukotriene B4, could also plausibly regulate
gene expression in lymphoid tissue (37–41).

The only other polymorphism to cluster gene expression
levels was the glutathione-S-transferase (GST) M1 deletion,
although this was only statistically significant in the super-
vised and not in the unsupervised analysis (Table 1). GSTs
catalyze the conjugation of xenobiotics and endogenous

Figure 2. Hierarchical clustering of the 124 genes (rows) that optimally differentiated UGT1A1 genotypes. Along the top of the diagram, orange indicates the
individuals with the 7/7 genotype and purple indicates the individuals with the 6/6 and 6/7 genotypes. Along the bottom of the diagram, the ALL subtype of each
individual is indicated by the colors shown in the legend. As expected, the adjusted expression levels (red ¼ high expression, green ¼ low expression) of these
genes did not distinguish ALL subtypes.
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compounds to glutathione (42). Approximately 50% of whites
carry a homozygous deletion of this gene (43–45). Several of
the genes that differentiated non-null from null GSTM1
genotypes are involved in response to oxidative stress,
which would plausibly differ compensatorily in patients in
response to low or to high GST activity. Included were
NBS1, a member of the MRE11/RAD50 complex involved in
DNA double-strand break repair (46,47) and PRKR, a kinase
that controls several stress response pathways (48). Because
the mechanism of the GSTM1 polymorphism involves total
gene deletion, it is not surprising that expression levels of
GSTM1 are lower in patients with the germline homozygous
deletion. Our data in an independent test set suggest that
gene expression signatures can be used to predict the germline
genotype for GSTM1.

Substantial constitutive variation exists in gene expression
within and between populations, and this variation shows sig-
nificant heritability (10-12,49–51). Approximately 60% of
genes are expressed in most tissues (9), and therefore it is
plausible that germline genetic variation may affect gene
expression levels in distant tissues. A challenge is to
sample tissues across individuals such that there is uniformity
in the tissue type, to minimize the impact of cell type hetero-
geneity on gene expression. Although ALL blasts suffer from
the disadvantage that they represent cells that have acquired
genetic changes somatically (and thus differ from the germ-
line), they have the advantage that at diagnosis, the vast
majority of samples are .90% clonal for a single tissue
type (blasts). Thus, we hypothesized that by adjusting gene
expression signatures for the variability known to be associ-
ated with molecular subtype of ALL, gene expression in
these samples is at least somewhat informative for germline
effects; in fact, even unadjusted gene expression signals
differed by germline polymorphisms.

Inter-individual variation in the expression, tissue-specific
enzyme activity or substrate specificity of gene products can
be directly attributable to germline genetic variation. To
date, little attention has been paid to the possible conse-
quences of germline genotype on distant tissues. Although
the expression of both GSTM1 and UGT1A1 is concentrated
in liver, they catalyze the conjugation and therefore transport
and ultimately excretion of various endogenous and exogen-
ous compounds, thereby affecting systemic levels of circulat-
ing regulatory small molecules. We have demonstrated that
germline polymorphisms in these genes affect global gene
expression profiles in lymphoid tissue.

MATERIALS AND METHODS

All children with newly diagnosed childhood ALL enrolled on
the St Jude Children’s Research Hospital treatment protocol
Total XIIIB who had diagnostic bone marrow blasts available
for expression array analysis were evaluated (n ¼ 165) (7)
for the primary analysis. The major subtypes of ALL were
represented in this set, including t(9;22)[BCR-ABL ], t(1;19)
[E2A-PBX1 ], t(12;21)[TEL-AML1 ], MLL rearrangements,
hyperdiploid .50 and T-cell ALL. An independent set of 81
patients with ALL from the predecessor protocol Total

XIIIA served as a test set for the findings from the primary
analysis.

DNA was extracted from normal blood cells. Genotyping
was performed for 16 polymorphic loci. The three most
common TPMT inactivating mutations, which define the �2,
�3A, �3B and �3C alleles (52,53), were genotyped and taken
together to classify each patient as wild-type or heterozygote
as previously described (no homozygous variant patients
were observed). CYP3A4�1B and CYP3A5�3 (54), the
UGT1A1 promoter repeat polymorphism [A(TA)nTAA]
(UGT1A1�28 ), MDR1 (ABCB1) exon 21 2677G.T/A,
MDR1 (ABCB1) exon 26 3435C.T, VDR intron 8 G.A,
VDR start site FokI, GSTP1 313A.G (13), the thymidylate
synthase (TYMS ) 50-UTR repeat, the GSTT1 deletion, the
GSTM1 deletion, the MTHFR 1298A.C polymorphism
(55,56), NR3C1 1220A.G (57), RFC (SLC19A1) 80G.A
and the MTHFR 677C.T polymorphisms (58) were all geno-
typed as described earlier.

The observed frequencies of some genotypes were quite low,
and it was not clear how to ‘group’ these rare genotypes. Hence,
the following genotypes were excluded from further analysis:
the TYMS 4 repeat allele (n ¼ 3; among whites, n ¼ 1); the
MDR1 (ABCB1) exon 21 ‘A’ allele (n ¼ 7; among whites,
n ¼ 5); UGT1A1 A(TA)5TAA allele (n ¼ 6; among whites,
n ¼ 0) and the CYP3A5�3 A/A genotype (n ¼ 15; among
whites, n ¼ 1).

High quality total RNA (7) was extracted with TriReagent
(MRC, Cincinnati, OH, USA) from cryopreserved mono-
nuclear cell suspensions from bone marrow at diagnosis.
RNA integrity was determined by the use of Agilent 2100
Bioanalyzer for concentration and size fractionation, and
reproducibility was tested by processing 10% of the samples
in duplicate on independent chips (7). The Affymetrix HG-
U95Av2 GeneChip (Affymetrix Inc., Santa Clara, CA, USA)
comprised 12 625 probe sets representing around 9600
unique genes and was used to interrogate the expression
of RNA as described earlier (7). Signals (level of gene
expression) and detection calls (presence of transcript) were
reported based on MicroArray Suite version 5.0 (MAS5.0,
Affymetrixw). To reduce the FDR, probe sets were filtered
out if called ‘present’ in ,5% of the patient samples,
leaving 7369 probe sets for the analysis. Signals were log2-
transformed for data analysis. Using expression data from
the same patients (7,59) we previously showed that expression
of specific genes by quantitative PCR was highly correlated
with the assessment of expression by the Affymetrix HG-
U95 Av2 chip.

Gene expression profiles vary significantly by the major ALL
molecular subtypes (7,17,59–61). Unsupervised hierarchical
clustering using unadjusted signals for 7369 probe sets con-
firmed this subtype/ploidy partitioning within our data set
(data not shown). In order to discern possible relationships
between gene expression patterns and germline host character-
istics, we first adjusted the gene expression levels for the
major ALL molecular subtypes. Because the specific acquired
clonal genetic abnormalities found in leukemic blasts define
the molecular ALL subtypes, and gene expression levels
vary by ALL subtype, we reasoned that the variation in gene
expression attributable to germline genetic variation would
be better discerned if the gene expression levels were first
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adjusted for ALL subtype. However, ALL subtype may itself
be influenced by germline variation. Thus, we also analyzed
the unadjusted expression levels (Supplementary Material,
Table S2). To adjust the expression levels for ALL subtype,
we applied ANOVA to the log2-transformed gene expression
data, using the seven molecular subtypes of ALL as the inde-
pendent factor. The residual levels of expression, after adjust-
ing for subtype, were used as the adjusted gene expression
levels for subsequent analyses.

Genotypes were treated as unordered categorical variables
in the analyses. Fisher’s exact test was used to test whether
there was a confounding association between each polymorph-
ism and the major ALL molecular subtypes (Supplementary
Material, Table S1).

In a supervised analysis, for each polymorphic locus we
applied ANOVA or t-test (for three or two genotypic cat-
egories, respectively) to the gene expression levels (dependent
variables), to assess whether gene expression differed by
germline genotype (independent variable) and to rank order
the differentially expressed probe sets. We estimated the
FDR based on the q-value method (62) and by an empirical
procedure based on permutation to evaluate the significance
of the probe sets selected by the t-test. For genotypes that
showed a low FDR, we performed k-means clustering based
on a varying number of top selected probe sets and recorded
the misclassification rate compared with that obtained using
the true genotypes. The optimal probe set list that distinguished
between the genotypes was defined as that producing the
minimal number of misclassifications. Hierarchical clustering
was then applied based on the selected probe sets.

We performed cross validation to classify the original set of
126 patients into different genotypes using the expression of
selected genes. For GSTM1, we randomly split the patients
into a 2/3 training set and 1/3 test set. A linear discriminant
analysis model (63) was built on the training set and applied
to predict the GSTM1 genotypes of the test set. We repeated
the procedure 500 times and reported the average prediction
accuracy. For UGT1A1, we performed leave-one-out cross
validation due to the small number of patients of UGT1A1
7/7 genotype. Linear discriminant analysis was also used to
predict the GSTM1 genotype for patients in the independent
test set of 81 additional patients.

In an unsupervised analysis, global hierarchical clustering
was performed on the gene expression data and Fisher’s
exact test was used to test whether there was an association
between each polymorphism and the major gene expression
clusters. All statistical analyses were performed using the stat-
istical environment R1.9.1 [R Development Core Team, http://
www.r-project.org].

SUPPLEMENTARY MATERIAL

Supplementary Material is available at HMG Online.
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