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Abstract
Although the prognosis for patients with glioblastoma is poor,
survival is variable, with some patients surviving longer than others.
For this reason, there has been longstanding interest in the identification of prognostic markers for glioblastoma. We hypothesized that
specific histologic features known to correlate with malignancy most
likely express molecules that are directly related to the aggressive
behavior of these tumors. We further hypothesized that such molecules could be used as biomarkers to predict behavior in a manner that
might add prognostic power to sole histologic observation of the
feature. We reasoned that perinecrotic tumor cell palisading, which
denotes the most aggressive forms of malignant gliomas, would be
a striking histologic feature on which to test this hypothesis. We
therefore used laser capture microdissection and oligonucleotide arrays
to detect molecules differentially expressed in perinecrotic palisades.
A set of RNAs (including POFUT2, PTDSR, PLOD2, ATF5, and
HK2) that were differentially expressed in 3 initially studied, microdissected glioblastomas also provided prognostic information in an
independent set of 28 glioblastomas that did not all have perinecrotic
palisades. On validation in a second, larger independent series, this
approach could be applied to other human glioma types to derive
tissue biomarkers that could offer ancillary prognostic and predictive
information alongside standard histopathologic examination.
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INTRODUCTION
In modern clinical oncology, histopathologic classification affects therapeutic decisions and predicts patient prognosis. Tumor diagnosis is based primarily on the observation and
interpretation of particular microscopic features that enable
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classification and grading. In this manner, histologic appearances represent biologic processes; for example, the microscopic presence of mitotic figures shows cell division and
implies more rapid growth. Over the past 2 decades, molecular
biologic studies have improved our understanding of tumor
formation and progression to the point that molecular
approaches to tumor analysis have become both possible
and practical. Witness, for example, the current diagnostic
criteria for some hematologic and soft tissue malignancies
requiring specific chromosomal translocations (1, 2). More
recently, the advent of gene expression profiling has further
contributed to tumor classification by expanding the number of
molecules capable of being assayed and by shifting the emphasis to expressed molecules (3). Using microarray technologies,
our group has demonstrated that gene expression-based
classification of histologically challenging malignant gliomas
correlates better with survival than histologic classification (4).
Nonetheless, histologic and molecular features are clearly
interrelated, including in malignant gliomas (5, 6). Furthermore, given that histologic features are the result of distinct
biologic events, it is highly likely that specific molecules expressed, in particular histologic regions, are directly related to
underlying molecular changes in those areas. The identification of such molecules could be accomplished by expression
profiling of the cells constituting those regions, by coupling
expression analyses with laser-capture microdissection (LCM),
and thereby linking gene expression data with histologic
architecture (7). In other words, one could potentially derive
information from subpopulations of tumor cells that would be
missed in the analysis of bulk tumor samples. Finally, because
gliomas are often regionally heterogeneous, interrogating
subpopulations of cells should have a high likelihood of yielding distinct information from whole tumor lysate analyses. For
these reasons, we hypothesized that expression profiling of
specific histologic features could yield molecular biomarkers
that could themselves provide prognostic information to complement straight histologic examination.
The prognosis for patients with glioblastoma is poor.
Nonetheless, there is variability in prognosis, and there have
been many attempts over the years to identify prognostic
variables (8). For example, as is well known, the clinical
parameter of patient age is an important prognostic factor (9).
In addition, recent studies have used molecular approaches to
distinguish tumors more likely related to short versus long
survival (10).
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The microscopic appearance of glioblastoma is variable,
but one key diagnostic feature is necrosis. In many, but not all,
cases, the necrosis elicits a unique pattern of tumor cell response known as palisading or ‘‘pseudopalisading’’ (11). Palisading consists of small, irregular regions of necrosis surrounded
by dense accumulations of tumor cells; the tumor cells are
more densely packed at the edge of the necrosis than in other
regions of the tumor and thus appear to ‘‘palisade’’ around the
necrotic zone. Extensive, careful recent work has investigated
this histologic phenomenon and has demonstrated that these
palisades represent a dynamic response to local hypoxic
stresses (12, 13), the types of stresses that have been associated
with clonal selection pressures in human tumors (14). In line
with these data and the hypothesis described here, we
postulated that this unique histologic feature may represent
emerging, more aggressive cell populations and that markers
generated from these cells could be used to predict which
glioblastomas would follow a more rapid clinical course. To
address this possibility, we used LCM to microdissect palisading cells surrounding necrosis, and compared their expression profile with that of nonpalisading tumor cells from
nearby regions unassociated with necrosis. These differentially
expressed RNAs in this particular histologic feature were then
used to derive prognostic markers that could complement the
standard histologic assessment of glioblastoma.

MATERIALS AND METHODS
Tumor Samples
All tumor samples were collected from Massachusetts
General Hospital under an approved protocol from the Massachusetts General Hospital Institutional Review Board.
Eighteen glioblastoma tumor samples with palisading around
necrosis were collected. Three tumor samples were frozen
tissues and stored at 280°C immediately after surgery. These
3 cases were selected by the 2 neuropathologists (SD and
DNL) based on typical pseudopalisading changes, with some
tumors having multiple regions of pseudopalisading necrosis
within the same tumor. These tumors were densely cellular
without extensive infiltration of normal brain. Fifteen cases
were formalin-fixed, paraffin-embedded tumors. An independent set of 28 randomly selected glioblastomas with mRNA
expression data and clinical data (4) was used for the survival
analysis; 26 of these 28 samples had necrosis (2 had been
diagnosed as glioblastoma based on the presence of microvascular proliferation without necrosis in accordance with the
2000 WHO criteria [11]). Of the 26 that had necrosis, 15 had
classic palisades.

Laser-Capture Microdissection and RNA
Isolation and Amplification
Frozen tissues were cut at 8 to 10 mm in a cryostat and
the slides were stored at 280°C. Each case was laser-captured
in triplicate for both palisading cells and nonpalisading tumor
cells from different regions using the PixCell II LCM system
(Arcturus Engineering, Mountain View, CA). Total RNA was
isolated with the Picopure RNA Isolation kit (Arcturus
q 2005 American Association of Neuropathologists, Inc.
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Engineering) and 2-round amplification was performed using
the RiboAmp RNA Amplification kit (Arcturus Engineering).

cDNA Microarray and Data Analysis
Three micrograms of amplified RNA that was demonstrated to be of high quality on an Agilent 2100 Bioanalyzer
(Agilent Technologies, Palo Alto, CA) analysis was used for
cDNA synthesis and subsequent biotin-labeling with the
BioArray HighYield RNA Transcript Labeling kit (Life Sciences, Inc., Farmingdale, NY). Twenty micrograms of biotinlabeled RNA was fragmented and hybridized to Affymetrix
HG-U133A Chips (Affymetrix Inc., Santa Clara, CA). Vector
Xpression software (InforMax Inc., Frederick, MD) was used
to identify differentially expressed transcripts. Raw expression
values were normalized by linear scaling so that the mean array
intensity was identical for all scans. To exclude background
hybridization expression, a lower expression threshold was set
at 20, resulting in 11,196 probe sets for subsequent analysis.
These remaining 11,196 probe sets were then subjected to the
standard 2-sample t-test using Vector Xpression for the
identification of differentially expressed transcripts. Differentially expressed genes (unadjusted p , 0.01) were then subjected to functional analysis using Onto-Express (http://vortex.
cs.wayne.edu/projects.html; in which p values were corrected
automatically) and PathwayAssist Version 2.53 (Ariadne
Genomics Inc., Rockville, MD). The complete list of 314
up- and 385 downregulated genes is available in Supplementary Information, Table 1 (http://research.neurosurgery.mgh.
harvard.edu/louis). Expression values for a subset of these
genes were reanalyzed using a mixed-effects model to adjust
for within-tumor dependence. The within-tumor correlation
was not significantly different from zero in all cases. All raw
expression data has been deposited in the NCBI/GEO database
(accession no. GSE2485).

Confirmation of Microarray Gene
Expression Data
To validate our results at the cellular level, immunohistochemistry was performed on the 15 formalin-fixed, paraffinembedded glioblastoma samples with palisading foci (see
‘‘Tumor Samples,’’ ‘‘Materials and Methods’’). HSP70 (sc-24),
ALDOA (sc-12061), and GRB10 (sc-13955) antibodies were
purchased from Santa Cruz Biotechnology (Santa Cruz, CA)
whereas HIG2 was provided by one of the authors (ND) and
OLIG2 by Dr. Charles Stiles (Dana-Farber Cancer Institute).
Sections were cut at 4 mm, deparaffinized, rehydrated, and
incubated with fresh 0.5% H2O2 in methanol for 10 minutes at
room temperature. Antigen retrieval for OLIG2 was performed
by incubating slides in sodium citrate buffer at 99°C without
boiling for 30 minutes. For all other antibodies, slides were
boiled in sodium citrate buffer 3 times at 5 minutes in a
microwave. Normal sera were applied for 30 minutes at room
temperature and primary antibodies were incubated overnight
at 4°C (HSP70 at 1:50; ALDOA, GRB10 and HIG2 at 1:100;
and OLIG2 at 1:40000). After incubation with secondary
antibodies at room temperature for 30 minutes, the Vectastatin
Elite ABC kit (Vector Laboratories, Burlingame, CA) was
used for detection. Positive and negative controls were used in
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each experiment for each antibody. The slides were initially
read by one of the pathologists (SD) and then in a blinded
fashion by the other pathologist (DNL).
Because commercial antibodies were not available for all
genes of interest, we used semiquantitative polymerase chain
reaction (PCR) to confirm microarray gene expression results
for an additional gene, POFUT2. cDNA was synthesized from
amplified RNA following the protocol outlined here. cDNAs
were quantified before PCR analysis. b-actin was used as the
reference gene and was amplified using primers 5#-GTCGACAGGCTCCGGCATG-3# and 5#-CTCTTGCTCTGGGCCT
CGTCGC-3#. POFUT2 was amplified using primers 5#-CT
GGGAGTCCACCTGAGAAG-3# and 5#- GTGGGTTCAAA
CCTCACCAT-3#. The expected size of amplified fragments
was 200 bp.

Analysis of Patient Survival
A subset of the differentially expressed genes (selected
on the basis of unadjusted p , 0.001) identified as described
here was used to probe expression data of 28 glioblastomas
analyzed previously on Affymetrix U95Av2 chips (4); a total
of 182 genes (69 up- and 113 downregulated; unadjusted p ,
0.001) from the U133A chip corresponded to 171 probe sets
(135 individual genes) on the U95Av2 chips. The complete list
of corresponding probe sets is available in Supplementary
Information, Table 2A (http://research.neurosurgery.mgh.
harvard.edu/louis). Because investigation of the association
of gene expression with survival was the primary goal of this
study, a strict multiple testing adjustment was not applied at
this first stage of screening. Furthermore, the microarray
results from the first sample of 3 tumors were validated using
immunohistochemistry and PCR in an independent set of
15 tumors. Clinical data for the 28 glioblastomas is correlated
with raw expression data for the 171 probe sets in Supplementary Information, Table 2B (http://research.neurosurgery.
mgh.harvard.edu/louis). A Cox regression model was used to
identify which of these 171 probe sets yielded significant prognostic value (Supplementary Information, Table 3;
http://research.neurosurgery.mgh.harvard.edu/louis). A permutation test (10,000 permutations) was used in conjunction with
the expression data from the entire chip to assess whether more
probe sets were identified as being significantly associated
with survival than would be expected if the 171 probe sets
were chosen at random from the entire chip. Specifically, the
labels of the 171 preselected probe sets were randomly
permuted among all of the probe sets on the chip, and the
proportions of genes associated with survival in each sample
were compared. In addition, bivariate models were fit to adjust
for age (as either a continuous or binary covariate dichotomized at its median value) or presence of pseudopalisades.
Kaplan-Meier plots were generated with GraphPad Prism
(version 3.02; GraphPad Software, San Diego, CA). In this
analysis, 2 different error rates were examined and adjustments
for multiple testing were applied. The family-wise error rate
(FWER) was controlled using the maxT procedure (15) and
the false discovery rate (FDR) was controlled using the q-value
approach (16, 17). These procedures measure different errors
and differ in their conservatism. Because they each provide
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evidence of the strength of the results, and thus each
contributes to directing future study, we examined both. Although there were only 28 subjects in this study, time of death
was available for 23, and the censored subjects had among the
longest observation times, which made them informative as
well. In addition, there was a high degree of variability in the
gene expression values (75% of the standard deviations of the
expression levels of the 171 genes were greater than 8.8).
Thus, for a gene with standard deviation of 5, we anticipate
having 80% power to detect a log hazard ratio of 0.12 (vs the
null value of zero) using a 2-sided, 0.05 level Wald test based
on a Cox regression model. For a gene with standard deviation
of 10, we anticipate 80% power to detect a log hazard ratio of
0.06. Based on a 0.001 level test, we have 80% power to detect
a log hazard ratio of 0.10 for a gene with standard deviation of
10 (18).

RESULTS
Laser-Capture Microdissection-Based Approach
to Gene Expression Profiling
To address whether the expression pattern of RNA
obtained from LCM and linear amplification accurately reflects the starting RNA expression pattern, LCM was performed on a frozen tumor sample with tumor cells picked up
randomly for analysis. Total RNA was isolated from the LCM
material as well as from bulk frozen tissue. Evaluation with the
Agilent 2100 Bioanalyzer showed that the total RNA from the
bulk tissue as well as from LCM material was of high quality.
We next captured 3 groups of 2,000 to 3,000 cells for RNA
isolation. RNA both from LCM and bulk tissue were linearly
amplified using T7-based linear RNA amplification. Using this
approach, we generated more than 50 mg of aRNA, and these
aRNA samples were hybridized to the Affymetrix Test 3 chips
containing 312 probe sets. Comparing 3 samples from LCM
materials, greater than 90% of positive transcripts were within
a 2-fold variation range. Comparatively, approximately 90% of
positive transcripts were within a 2-fold variation range between the samples from LCM materials and bulk tissue RNA.
These results indicate our LCM-based approach accurately
reflects the gene expression pattern of bulk tissue RNA and
represents a reliable approach to gene expression profiling at
the cellular level.

Gene Expression Profiling of Palisading Cells
To determine the most consistently up- or downregulated genes in palisading cells, we used 3 frozen glioblastomas that had palisading changes. We used LCM to
microdissect palisading cells surrounding necrosis separately
from nonpalisading tumor cells distant from necrosis (termed
‘‘common’’ cells), with each tumor microdissected from
the same palisading area in triplicate to result in 18 samples,
3 triplicates each of palisading and common cells (Fig. 1). To
determine those genes that are consistently and differentially
expressed between palisading cells and common tumor cells,
we compared the gene expression profiles between these
2 populations. Transcripts that were differentially expressed
between palisading cells and common tumor cells (unadjusted
q 2005 American Association of Neuropathologists, Inc.
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FIGURE 1. Laser-capture microdissection (LCM) process. (A) Typical
features of palisades in glioblastomas. (B) Frozen section of glioblastoma with palisading necrosis before
LCM. (C) Same section after capture
of palisading cells. (D) Laser-captured palisading cells from the same
section on the LCM cap. N, necrosis;
P, palisading cells; C, ‘‘common’’
tumor cells (see text).

p , 0.01) were selected, yielding 314 up- and 385 downregulated genes. (See Supplementary Information, Table 1,
[http://research.neurosurgery.mgh.harvard.edu/louis] for complete gene list.)
Five genes for which commercial antibodies were
available were confirmed to be differentially expressed using
immunohistochemistry. Four upregulated genes were markedly more positive in the palisading cells relative to the surrounding tumor cells; and a single downregulated gene was far
more positive in the surrounding, common tumor cells than in
the palisading cells. As shown in Figure 2, there were marked
differences for HIG2 and OLIG2, with immunohistochemically detectable expression essentially restricted to palisading
cells or common cells, respectively, in over 90% (14 of 15) of
cases examined. For other proteins, HSP70, ALDOA, and
GRB10, there was strong expression in palisades but expression in scattered common cells as well. For these proteins,
differential expression could be seen in at least 50% of cases
examined. A fifth upregulated gene was confirmed to be
differentially expressed using semiquantitative RT-PCR, with
a clear difference in POFUT2 expression between 3 sets of
control cells and palisading cells (Fig. 2A).

Differentially Expressed Transcripts and
Upregulated Gene List Suggest Cellular
Response to Hypoxic Environmental Conditions
We used 2 different software packages to determine the
most likely pathways upregulated in the palisading cells.
When both up- and downregulated transcripts were analyzed
as a single, combined dataset, PathwayAssist 2.53 (Ariadne
q 2005 American Association of Neuropathologists, Inc.

Genomics, Inc.) predicted a response to hypoxic environmental conditions. Within the upregulated transcripts, the OntoExpress analysis package (http://vortex.cs.wayne.edu/projects.
html) identified ‘‘glycolysis’’ (GO: 0006096, adjusted p ,
0.0001, gene number = 10) and ‘‘regulation of cell cycle’’
(GO: 0000074, adjusted p = 0.027, gene number = 12) as the
2 most prominent biologic processes, both of which could be
cellular responses to hypoxia as an attempt to conserve energy
and enhance survival (19–21). Moreover, VEGF was a key
molecule from our data within the ‘‘regulation of cell cycle’’
category. VEGF has been widely investigated in various kinds
of malignancies including glioblastoma (19, 20, 22, 23), and
its expression has been shown by in situ hybridization to be
highest in palisading cells (22); this result provides independent validation of our LCM-based gene expression data.
The ‘‘glycolysis’’subgroup of biologic processes suggests
increased metabolism in palisading cells. GAPDH (glyceraldehyde-3-phosphate dehydrogenase), ALDOA (aldolase A),
PKM2 (pyruvate kinase), and PGK1 (phosphoglycerate kinase
1) are glycolytic enzymes (19, 20, 24–26), whereas HK2
(hexokinase 2) phosphorylates glucose to produce glucose-6phosphate, thus committing glucose to the glycolytic pathway
(27). GLUT1 (SLC2A1, solute carrier family 2, member 1) is
the most primitive type of glucose transporter across the
blood–brain barrier, and GLUT3 (SLC2A3, solute carrier
family 2, member 3) is responsible for the transport of glucose
into neurons and glia (27–29). All of these genes are highly
expressed in tumor cells in response to hypoxia, and their
upregulation may represent metabolic adaptation of the
palisading cells to the glucose deprivation that parallels
hypoxia (20, 24–27).
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dehydrogenase activity (GO:0004365, adjusted p , 0.0001,
gene number = 3); oxidoreductase activity, acting on single
donor with incorporation of molecular oxygen, incorporation
of 2 atoms of oxygen (GO: 0016702, adjusted p = 0.0276,
gene number = 3); and structural constituent of ribosome
(GO:0003735, adjusted p = 0.0083, gene number = 10). In
addition to VEGF and GAPDH, PLOD2 (procollagen
hydroxylase 2), a member of the ‘‘oxidoreductase activity’’
category, is also known to be induced by hypoxia (19, 20, 30).

Prediction of Survival in Patients
With Glioblastomas

FIGURE 2. (A) Representative results of semiquantitative
polymerase chain reaction. The top panel shows gene
expression of POFUT2 and the bottom panel shows the b-actin
control; the first 3 lanes are control cells and the remaining 3
lanes are pseudopalisading cells from the same case. Note
upregulation in 2 of the 3 samples of palisading cells. (B)
Immunohistochemistry for HIG2 expression. Most palisading
cells show strong cytoplasmic staining compared with the
‘‘common’’ tumor cells. (C) Immunohistochemistry for OLIG2.
Approximately half of the ‘‘common’’ tumor cells show nuclear
staining but palisading cells are predominantly negative. N,
necrosis; P, palisading cells; C, ‘‘common’’ tumor cells.

Among upregulated transcripts, the Onto-Express
analysis package identified the following categories as the
most prominent molecular functions: vascular endothelial
growth factor receptor binding (GO:0005172, adjusted
p , 0.0001, gene number = 4); glyceraldehyde-3-phosphate
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These data suggest that palisading cells, in response to
local microenvironmental stress, might be a source for the
selection of clones that could underlie more aggressive behavior in malignant gliomas (31). Indeed, PathwayAssist
showed proliferation, local contact, and motility as the top 3
cell processes, suggesting that palisading cells are associated
with tumor progression and tumor invasion. Based on these
results, we hypothesized that these differentially expressed
genes could be of clinical relevance. We therefore used the top
182 differentially expressed genes (those genes significant at
an unadjusted p , 0.001) identified in this study (analyzed on
Affymetrix U133A chips) to investigate clinical significance in
an independent series of 28 glioblastomas that had been
analyzed previously on Affymetrix U95Av2 chips, a dataset
for which clinical outcome data was available (4). Of our 182
differentially expressed genes, 171 corresponding probe sets
(135 individual genes) were present on the U95Av2 chips
(Supplementary Information, Table 2A; http://research.neurosurgery.mgh.harvard.edu/louis). Cox regression models, with
the expression level as the covariate, showed one of these
genes to be marginally significantly associated with patient
survival at the 0.05 level and 26 of these genes significantly
associated with patient survival at a false discovery rate of 0.03
(17) (Supplementary Information, Table 3; http://research.
neurosurgery.mgh.harvard.edu/louis). Five of them (POFUT2,
PTDSR, PLOD2, ATF5, and HK2) could significantly dichotomize patient survival by median expression values.
Survival curves for the 2 most significant genes (POFUT2 and
PTDSR) are shown in Figure 3. The association of POFUT2
(protein-o-fucosyltransferase 2) with survival is marginally
significant even after conservative adjustment for multiple
testing using the maxT procedure (p = 0.0597). Based on
a permutation test, there is only a 3% chance that the observed
results could have arisen through random sampling. This
association holds also when expression values are dichotomized according to their respective medians (p = 0.083). In
contrast, the presence of perinecrotic palisades, the histologic
feature itself, was not significantly associated with survival
within these same patients (p = 0.94). The estimates of the
hazard ratios associated with each gene remain essentially
unchanged when multivariate models are fit with adjustment
for the possible confounding by age and palisades.

DISCUSSION
The development of prognostic markers for glioblastoma
patients has been a challenge to the neurooncology community,
q 2005 American Association of Neuropathologists, Inc.
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FIGURE 3. Glioblastoma patient survival based on prognostic markers.
Survival curves are drawn with patient survival dichotomized by
median expression values for illustration. Cox regression p values are
given. (A)POFUT2 (protein-o-fucosyltransferase 2; p = 0.0005; multiple
testing maxT p value = 0.0597);
(B)PTDSR (phosphatidylserine factor; p = 0.0021; multiple testing
maxT p value = 0.2003).

despite evidence that there are both longer and shorter
surviving patients with this disease (8). Standard microscopic
approaches have not yielded reproducible prognostic markers,
and most directed immunohistochemical approaches have also
not generated clinically useful markers (11). For example,
although early studies noted an inverse relationship between
patient survival and cell proliferation, larger, recent studies
have not been able to demonstrate clear associations (32). At
the genetic level as well, clear prognostic markers have not
emerged for glioblastoma. For instance, a recent large study of
epidermal growth factor receptor (EGFR) gene amplification,
a common genetic event in glioblastoma, showed no
association with glioblastoma patient survival (33). More
global profiling approaches have suggested that combinations
of genomic changes may correlate with survival, but these rely
on methodologies such as comparative genomic hybridization
that are not widely available (10). In addition, these global
profiling approaches have not adequately represented intratumor heterogeneity, which could be a critical issue if subpopulations of tumor cells had differential growth or migratory
properties (34). Given the need for prognostic markers in this
disease (8), we sought to use a representative histologic feature
to generate multiple candidate molecular biomarkers. This
approach directs the biomarker search from a global, undirected screen to a profile based on a distinct biologic process.
We hypothesized that expression profiling of a specific histologic feature could yield molecular biomarkers that would be
more sensitive and powerful than the original histologic
findings.
The approach that we propose amounts to a wellestablished tool of nonrandom sampling for increased efficiency. Preselection of genes from our first study on the basis
of differential expression between palisading and nonpalisading samples, with subsequent use of those genes for analysis in
our second study, is analogous to the use of case–control
sampling for epidemiologic studies of rare diseases. This
principle clearly holds as long as the histologic feature that
guides the preselection of genes is somehow associated with
survival. Palisading around necrosis (as opposed to necrosis
without palisades, which is found in nearly all glioblastomas)
was important to this study because this histologic feature is
amenable to microdissection and represents an active cellular
response. In addition, in series of gliomas of varying grades,
the presence of palisading necrosis is an indicator of poor
prognosis. However, this histologic feature is focal and can be
q 2005 American Association of Neuropathologists, Inc.

missed in cerebral biopsies. This raised the possibility that
molecules expressed in palisades could be found in aggressive
tumors lacking classic histologic palisades. This possibility in
turn raised the hypothesis that expression of such molecules
would be a more accurate predictor of prognosis than the
histologic feature, including within the single diagnostic
category of glioblastoma. Importantly, as demonstrated in this
study, not all palisading regions express these molecules and
scattered ‘‘common’’ cells also express them; this finding
emphasizes the need to sample multiple representative histologic regions within individual tumors as well as from
independent samples to increase the likelihood of obtaining
more universal, informative markers. Thus, our data demonstrates that, in the setting of a biologic rationale and a welldefined histologic feature, this approach may be well justified.
Laser-capture microdissection coupled with oligonucleotide arrays detected molecules differentially expressed in
perinecrotic palisades. Palisading cells—and potentially other
perinecrotic cells—have a distinct expression repertoire that
includes genes relating to hypoxia, cell cycle regulation, and
motility/invasion. The differentially expressed genes suggest
that palisades represent a response to microenvironmental
hypoxia, supporting the notion that palisades are in part caused
by vessel regression and that the resultant hypoxia may induce
new blood vessel formation (13, 35, 36). This hypothesis is
further supported by the frequent observation of garlands of
new blood vessels surrounding zones of necrosis (31). Given
the unique histologic nature of palisades in glioblastomas,
elucidating their molecular basis is likely to be significant in
understanding the biology of glioblastoma. It is our hope that
the publication of genes differentially expressed in palisades
(some of which are briefly discussed in the ‘‘Results’’ section)
will provide information for furthering this goal.
Several clinical studies have shown that the presence of
hypoxic regions within tumors correlates with poor prognosis
and increased risk of metastasis, suggesting that hypoxia,
perhaps in association with tumor angiogenesis and cell migration, may also play a role in accelerating tumor progression
in response to cellular stress (13, 20, 35, 37–39). The groups of
hypoxia-inducible genes that we have identified in palisading
cells could represent such a phenomenon. Consequently,
markers generated from these cells could be of clinical
significance in predicting patient survival. We therefore
evaluated whether genes differentially expressed in palisades
could offer prognostic information in a series of glioblastomas
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that did not necessarily demonstrate palisades. Indeed, our data
demonstrated that 26 such genes were significantly associated
with patient survival using the false discovery rate (FDR). The
most significant one, POFUT2, was associated with survival
using the more conservative family-wise error rate (FWER)
and thus could be a useful marker to evaluate survival in
glioblastoma patients. Validation of the association of this
gene with survival in a second, larger independent dataset is
necessary before it could be considered for clinical use.
Despite the significance of these genes in predicting the
survival of patients with glioblastoma, their functions in tumor
progression are not well defined. For example, POFUT2 is
a potential protein fucosyltransferase and shares the same
peptide motif with POFUT1, which is an essential component
of Notch signaling pathways (40, 41). PTDSR may facilitate
clearance of apoptotic cells (42). PLOD2 has been demonstrated to be involved in fibrotic processes and tissue
remodeling (43). Recently, Chang et al proposed PLOD2 as
one of the fibroblast core serum response genes associated
with cancer progression (44). ATF5 blocks the differentiation
of neural progenitor cells into neurons (45) and, as mentioned
here, HK2 participates in the glycolytic pathway. Although it is
too early to discuss the significance of these genes in
glioblastomas, our results raise novel directions for further
biologic investigation of glioblastoma.
Light microscopy has been and continues to be the
mainstay of oncologic classification and grading. The present
approach builds on histopathology by adding molecular parameters. Indeed, markers generated from analysis of specific
cells predicted patient survival in a series of glioblastomas in
a manner that added prognostic information to that gathered
from sole histologic assessment. The combination of LCM
and expression profiling in clinically annotated series should
allow such advances in a wide variety of malignant gliomas,
yielding prognostic or predictive markers that could be assessed through practical diagnostic approaches such as RTPCR or immunohistochemistry. To reach this goal, these
markers should be evaluated in a larger, prospective series of
glioblastoma samples, especially in formalin-fixed, paraffinembedded samples.
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