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Gene expression proﬁling identiﬁes molecular subtypes of gliomas
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Identiﬁcation of distinct molecular subtypes is a critical
challenge for cancer biology. In this study, we used
Affymetrix high-density oligonucleotide arrays to identify
the global gene expression signatures associated with
gliomas of different types and grades. Here, we show that
the global transcriptional proﬁles of gliomas of different
types and grades are distinct from each other and from the
normal brain. To determine whether our data could be
used to uncover molecular subtypes without prior knowledge of pathologic type and grade, we performed K-means
clustering analysis and found evidence for three clusters
with the aid of multidimensional scaling plots. These
clusters corresponded to glioblastomas, lower grade
astrocytomas and oligodendrogliomas (Po0.00001). A
predictor constructed from the 170 genes that are most
differentially expressed between the subsets correctly
identiﬁed the type and grade of all samples, indicating
that a relatively small number of genes can be used to
distinguish between these molecular subtypes. These
results further deﬁne molecular subsets of gliomas which
may potentially be used for patient stratiﬁcation, and
suggest potential targets for treatment.
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Introduction
The development of inhibitors that are targeted to
speciﬁc genetic lesions or pathway alterations represents
an important new approach to cancer therapy. The
success of this approach depends largely on identifying
the right subset of patients for each type of treatment.
Therefore, one of the critical challenges in cancer
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biology is to develop classiﬁcations of tumors that
reﬂect the underlying molecular abnormalities and
which can be used as the basis for patient stratiﬁcation
rather than relying solely on histologic classiﬁcation of
tumors.
Standard approaches to cancer diagnosis and therapy
have relied primarily on pathologic/morphological
assessment. In some types of cancer, this approach has
provided useful prognostic and therapeutic information.
Unfortunately, this approach has been only partially
successful for gliomas, the most common malignant
brain tumor of adults (Mischel and Cloughesy, 2003).
Current pathologic categories of glioma provide relatively good prognostic information about overall
survival, but have generally not been useful for
determining optimum therapy, or likely response to
treatment. Further, the current classiﬁcation system
does not take into consideration the underlying molecular lesions. The availability of large-scale genomic
approaches and new bioinformatics analysis methods
now make it possible to develop molecularly deﬁned
classiﬁcations of tumors. Large-scale gene expression
proﬁling can be used to identify tumor subtypes with
distinct molecular and/or clinical phenotypes or responses to therapy (Golub et al., 1999; Perou et al.,
2000; Alizadeh et al., 2001; MacDonald et al., 2001;
Sorlie et al., 2001; Pomeroy et al., 2002; Shipp et al.,
2002), including in gliomas (Sallinen et al., 2000;
Ljubimova et al., 2001; Rickman et al., 2001; Lal et al.,
2002; Zhang et al., 2002; Mischel et al., 2003).
We analysed the expression of 12 555 probe sets
encoding B10 000 genes (Affymetrix U95Av2 oligonucleotide arrays) in 35 glioma samples of varying
pathologic type and grade (grade II astrocytoma, grade
III astrocytomas, grade IV astrocytomas (glioblastoma),
grade II oligodendrogliomas), as well as seven normal
brain samples taken from the subcortical white matter.
Each tumor was examined by a neuropathologist and
dissected into two portions; one portion was used for
tissue diagnosis and the other for RNA extraction. The
diagnosis on each tumor was conﬁrmed by two
neuropathologists according to the WHO classiﬁcation
system (Kleihues et al., 2002). To conﬁrm that the tissue
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Figure 1 Uninstructed grouping of glial tumor samples. RNA was extracted and biotin-labeled cDNA was generated as previously
described (Mischel et al., 2003). Labeled cRNA was fragmented, hybridized to Affymetrix U95Av2 GeneChip and scanned to generate
an image ﬁle (Mischel et al., 2003). Model-based expression indices were calculated (Li and Wong, 2001; Mischel et al., 2003) and
multidimensional scaling and hierarchical clustering were performed (Kaufmann and Rousseeu, 1990; Venables and Ripley, 1999;
Mischel et al., 2003). (a) Multidimensional scaling plot of all 42 tissue samples plotted in two-dimensional space using expression values
from all 12 555 probesets. (b) The same 42 tissue samples were grouped into hierarchical clusters. Tissue samples are color-coded. Red:
primary GBM, blue: secondary GBM, green: grades II and III astrocytomas, black: oligodendroglioma, yellow: normal white matter

from which RNA was extracted was reﬂective of the
pathologic diagnosis, a hematoxylin and eosin-stained
section from the frozen tumor piece was analysed. RNA
extraction, generation of labeled cRNA and hybridization to Affymetrix U95Av2 oligonucleotide arrays were
performed as previously described (Mischel et al., 2003).
We computed model-based expression indices using the
dCHIP software (Li and Wong, 2001). As a ﬁrst step in
the analysis, we asked whether the global transcriptional
signatures of the different pathologic subtypes of
gliomas were molecularly distinct. We performed multidimensional scaling, an unsupervised method of data
reduction, in which high-dimensional gene expression
data are projected onto two viewable dimensions
representing linear combinations of genes that provide
the most variation in the data set (Venables and Ripley,
1999). In this approach, the distance between data
points provides a measure of their differences. Multidimensional scaling analysis of our samples based on
expression of all 12 555 probe sets demonstrated that the
global gene expression proﬁles of gliomas of different
type and grade have distinctive global gene expression
signatures. The glioblastomas, lower grade astrocytomas and oligodendrogliomas were all separable from

each other, and from normal brain tissue (Figure 1a).
The multidimensional scaling data also indicate that
primary glioblastomas, which arise as de novo grade IV
tumors, are not molecularly distinct from secondary
glioblastomas, which develop from lower grade gliomas.
However, the secondary GBMs are more diverse than
the primary GBMs.
We further analysed the global gene expression
signatures by performing hierarchical clustering, another unsupervised learning method (Kaufmann and
Rousseeu, 1990; Hastie et al., 2001a; Hastie et al.,
2001b) (Figure 1b). The main branch of the dendrogram
identiﬁed one cluster enriched for normal brain tissue
and the other from glioma samples (P ¼ 0.00006, Fisher’s exact test). Within the glioma-enriched branch of
the dendrogram, there were two main branches, one
enriched for lower grade gliomas and the other for
glioblastomas (P ¼ 0.00001). Further, within the lower
grade glioma-enriched branch of the dendrogram, the
low-grade astrocytomas (grade II), the anaplastic
astrocytomas (grade III) and the oligodendrogliomas
were separable (P ¼ 0.003). Thus, the global gene
expression signatures of these different pathologic
subsets are distinct. We have previously shown that
Oncogene
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Table 1 Leave one out crossvalidation error rates of the gene voting
predictor
Comparisons
Normals (n ¼ 7) vs glial
tumors (n ¼ 23)
Astrocytomas (n ¼ 5)
vs primary GBM (n ¼ 18)
Astrocytomas (n ¼ 5) vs
oligodendrogliomas (n ¼ 3)
Normal (n ¼ 7) vs
oligodendrogliomas (n ¼ 3)
Short (n ¼ 10) vs long survival
primary GBM (n ¼ 8)

Naı¨ve
error ratea

GV
error rate

0.23

0.07

0.22

0.04

0.38

0.00

0.3

0.00

0.44

0.22

a

Error rate that assigns the most frequent class to each observation

Figure 2 Grouping of tumors. All tumor samples were plotted
using multidimensional scaling using all 12 555 probesets. The
identity of the histology of the tumor sample is indicated by a
letter: G indicates glioblastoma, A indicates astrocytoma, O
indicates oligodendroglioma. We performed nonhierarchical Kmeans clustering (Kaufmann and Rousseeu, 1990). Three groups
were deﬁned. Each tumor is assigned to one of three cluster groups
by color: red is group 1, green is group 2 and black is group 3

there are distinct molecular subsets of primary glioblastomas associated with distinct global gene expression
signatures (Mischel et al., 2003). The data presented
here suggest that secondary glioblastomas are an even
more heterogeneous group than primary glioblastomas
that awaits further molecular subclassiﬁcation. The
extent of heterogeneity among secondary glioblastomas
is not surprising, considering that these tumors arise
from lower grade gliomas by accumulation of additional
mutations, typically in the setting of p53 mutation.
Next, we asked if our data might be used to uncover
molecular subtypes of gliomas without prior knowledge
of their pathologic type or grade. That is, how many
categories of glioma are suggested by the gene expression data? When the data were represented in a twodimensional multidimensional scaling plot based on all
12 555 genes, we found that there is a clear separation of
samples into three clusters (Figure 2). We then used Kmeans clustering (Kaufmann and Rousseeu, 1990) to
classify the samples into three clusters based on the
Euclidean distances between them. Cluster one was
enriched for glioblastomas, cluster two for astrocytomas
(grades II and III) and cluster three for oligodendrogliomas (Po0.0001) (Figure 2). These data indicate that
there are three main molecular subsets of gliomas, which
correspond to glioblastomas, astrocytomas (grades II
and III) and oligodendrogliomas.
Lastly, we constructed a gene voting predictor for
glioma subtype by performing multiple pair-wise comparisons between pathologic groups (normal vs glioma;
grade II þ III astrocytomas vs glioblastoma; grade II
astrocytomas vs grade III astrocytomas; grade II and III
astrocytomas vs oligodendrogliomas and normal brain
vs oligodendrogliomas) (Golub et al., 1999). To add
additional prognostic relevance to the predictor, we
added a pair-wise comparison between short surviving
glioblastomas (less than 1 year) vs longer surviving
Oncogene

glioblastomas (greater than 3 years). The genes most
differentially expressed between subsets were selected
based on a t-test of the quantitative gene expression
values of the 4000 most variable genes, and the 30 genes
most differentially expressed in each pair-wise comparison were selected. To assess the validity of this
approach, we estimated crossvalidation error rates
(Table 1). Our gene selection procedure, coupled with
a weighted gene voting prediction method (Golub et al.,
1999), accurately distinguished tumors from normals
(7% error rate) and lower grade astrocytomas from
glioblastomas (4% error rate). The predictor distinguished oligodendrogliomas from astrocytomas and
from normal tissue with 100% accuracy (0% error
rate). In addition, the predictor distinguished short
surviving glioblastoma patients from longer surviving
patients (22% error rate). A ﬁnal gene list was then
constructed by pooling the most differentially expressed
genes from these individual comparisons, and redundant
genes were eliminated (supplementary ﬁgure x). We used
this ﬁnal gene list (170 genes – available as supplementary information) to hierarchically cluster the tumor and
normal brain samples. This analysis identiﬁed four
molecular subsets: (1) normal brain samples; (2) grade II
and grade III astrocytomas (which were distinguishable
from each other as demonstrated by a further branch in
the dendrogram); (3) oligodendrogliomas and (4)
glioblastomas (Po0.000001) (Figure 3). These data
indicate that a relatively small number of genes can be
used to characterize the key molecular distinctions
between gliomas of different pathologic subtype and
grade.
These comparative gene expression patterns may
provide potentially important information about the
underlying biology of these subtypes of gliomas. We
found that the transcriptional proﬁle of the astrocytomas (grade II, grade III and primary glioblastomas) was
enriched for genes involved in cellular proliferation,
RNA processing, signal transduction and proteosomal
function. Representative genes are demonstrated in
Table 2. As this comparison was based on a relatively
large number of samples (ﬁve lower grade astrocytomas and 18 primary glioblastomas vs seven normal
white mater samples) and because we have previously
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Figure 3 Hierarchical clustering of seven normal white matter tissue samples and 26 glial tumor samples using 170 ﬁltered genes. We
used dChip to perform hierarchical clustering of the samples using 1r where r is Pearson’s correlation coefﬁcient as the distance
measure (Kaufmann and Rousseeu, 1990; Li and Wong, 2001; Mischel et al., 2003). Samples are coded by color. Gene expression
values are represented as expression relative to the mean of all samples; red is a relatively higher expression and green is a relatively
lower expression
Table 2 Representative genes with increased expression in astrocytomas (I) and oligodendrogliomas (II) relative to normal white matter
Gene symbol

ProbeSet

Fold

P-value

Function

Refs.

SAM68

39346_at

2.8

4.63E07

Signal transduction-dependent
regulator of RNA splicing

nmt55/p54nrt

38527_at

3.5

1.90E07

RNPS1
NPM

36186_at
38542_at

2.0
2.1

1.28E07
3.38E07

RAN
PSMB7
PSMB1
CTNND2
(delta catenin)
ARPC3

38708_at
1313_at
1447_at
40444_s_at

3.3
2.7
2.6
2.8

7.05E07
1.72E07
1.06E06
2.32E07

RNA splicing, cellular proliferation,
and carbonic anhydrase activity
Regulator of RNA splicing
Cellular proliferation and cell
cycle control
Cellular proliferation
Component of 20S proteosome
Component of 20S proteosome
Motility and signaling

De Luca et al. (2003), Yano (2002)
Nandi et al. (1997)
Nandi et al. (1997)
Burger et al. (2002), Lu et al. (1999)

35810_at

2.5

1.16E07

Motility and signaling

Robinson et al. (2001)

PSMB3
PSMB4
PSMA2
PSMA3
PSMC1
UBC13
VBP1
NDUFA5
NDUFB1
NDUFS4
NDUFB3

1309_at
1311_at
1446_at
1448_at
688_at
1660_at
171_at
38462_at
38605_at
38695_at
38981_at

4.4
3.4
9.1
9.9
3.4
7.1
5.2
10.5
3.7
4.2
7.9

2.04E08
7.99E08
8.21E08
1.57E08
1.59E07
1.77E11
3.92E08
8.61E09
3.9E08
1.62E07
1.05E07

Component of 20S proteosome
Component of 26S proteosome
Component of 20S proteosome
Component of 20S proteosome
Component of 26S proteosome
DNA repair-RAD 6 pathway
VBP1-DNA mismatch repair
Mitochondrial respiratory chain complex
Mitochondrial 38 espiratory chain complex
Mitochondrial respiratory chain complex
Mitochondrial respiratory chain complex

Nandi et al. (1997)
McCusker et al. (1997)
Nandi et al. (1997)
Nandi et al. (1997)
Tanahashi et al. (1998)
Hoege et al. (2002)
Her et al. (2003)
Zhang et al. (2002)
Zhang et al. (2002)
Zhang et al. (2002)
Zhang et al. (2002)

I
Coyle et al. (2003),
Matter et al. (2002), Najib and
Sanchez-Margalet (2002)
Shav-Tal and Zipori (2002)
Lykke-Andersen et al. (2001)
Okuda (2002), Okuda et al. (2000)

II

demonstrated a high level of correlation between
mRNA expression level as detected by the microarray
assay and by RT–PCR (average correlation coefﬁcient

0.84) (Mischel et al., 2003), these data may suggest
important alterations in these cellular processes in
astrocytoma that may be clinically exploitable. The list
Oncogene
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of genes whose expression levels distinguish normal
white matter from astrocytomas, appears robust. Using
U133A arrays, 149 of the 170 genes could be reliably
mapped and support the distinction of normal white
matter from astrocytomas (Fisher’s exact test Pvalue ¼ 4.144e07, data not shown). Further, although
it was based on a much smaller number of comparisons,
we also found that the oligodendroglioma gene expression proﬁle was highly enriched for proteosomal
subunits and genes involved in DNA repair and energy
metabolism, potentially suggesting the importance of
these alterations in oligodendrogliomas (Table 2).
In summary, we have used gene expression proﬁling
and unsupervised learning methods to demonstrate the
presence of three distinct gene expression signatures of
gliomas, which correspond to glioblastomas, lower
grade astrocytomas and oligodendrogliomas. We also
show that primary glioblastomas, which arise de novo,
are molecularly distinct from secondary glioblastomas
that develop from lower grade gliomas and likely
constitute a highly heterogeneous group. We demon-

strate that a relatively small number of genes characterize the distinction between these pathologic/molecular
subsets, and suggest that these gene expression changes
reﬂect potentially important alterations in such critical
processes as cellular proliferation, proteosomal function, energy metabolism and signal transduction. These
results further deﬁne molecular subtypes of gliomas and
may potentially be used to deﬁne potential targets and
further reﬁne stratiﬁcation approaches for therapy.
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