
© The Author(s) 2017. Published by Oxford University Press on behalf of the Society for Neuro-Oncology. All rights reserved. For 
permissions, please e-mail: journals.permissions@oup.com

 786 Neuro-Oncology
19(6), 786–795, 2017 | doi:10.1093/neuonc/now285 | Advance Access date 8 March 2017

Multigene signature for predicting prognosis of 
patients with 1p19q co-deletion diffuse glioma

Xin Hu, Emmanuel Martinez-Ledesma, Siyuan Zheng, Hoon Kim, Floris Barthel, Tao Jiang,  
Kenneth R. Hess, and Roel G.W. Verhaak

Department of Genomic Medicine, The University of Texas MD Anderson Cancer Center, Houston, Texas (X.H., 
E.M-L., S.Z., K.H., F.B., R.G.W.V.); Department of Biostatistics, The University of Texas MD Anderson Cancer Center, 
Houston, Texas (K.R.H.); Department of Bioinformatics and Computational Biology, The University of Texas MD 
Anderson Cancer Center, Houston, Texas (R.G.W.V.); Program of Bioinformatics and Biostatistics, The University 
of Texas-Houston Graduate School of Biomedical Sciences, Houston, Texas (X.H.); Department of Neurosurgery, 
Beijing Tiantan Hospital, Capital Medical University, Beijing, China (T.J.); Jackson Laboratory for Genomic Medicine, 
Farmington, Connecticut (K.H., F.B., R.G.W.V.)

Corresponding Author: Roel G.W. Verhaak, PhD, The Jackson Laboratory for Genomic Medicine, 10 Discovery Drive, Farmington, 
Connecticut 06032 (roel.verhaak@jax.org).

Abstract
Background. Co-deletion of 1p and 19q marks a diffuse glioma subtype associated with relatively favorable overall 
survival; however, heterogeneous clinical outcomes are observed within this category.
Methods. We assembled gene expression profiles and sample annotation of 374 glioma patients carrying the 
1p/19q co-deletion. We predicted 1p/19q status using gene expression when annotation was missing. A first cohort 
was randomly split into training (n = 170) and a validation dataset (n = 163). A second validation set consisted of 
41 expression profiles. An elastic-net penalized Cox proportional hazards model was applied to build a classifier 
model through cross-validation within the training dataset.
Results. The selected 35-gene signature was used to identify high-risk and low-risk groups in the validation set, 
which showed significantly different overall survival (P = .00058, log-rank test). For time-to-death events, the high-
risk group predicted by the gene signature yielded a hazard ratio of 1.78 (95% confidence interval, 1.02–3.11). The 
signature was also significantly associated with clinical outcome in the The Cancer Genome Atlas (CGA) IDH-
mutant 1p/19q wild-type and IDH-wild-type glioma cohorts. Pathway analysis suggested that high risk was associ-
ated with increased acetylation activity and inflammatory response. Tumor purity was found to be significantly 
decreased in high-risk IDH-mutant with 1p/19q co-deletion gliomas and IDH-wild-type glioblastomas but not in 
IDH–wild-type lower grade or IDH-mutant, non–co-deleted gliomas.
Conclusion. We identified a 35-gene signature that identifies high-risk and low-risk categories of 1p/19q positive 
glioma patients. We have demonstrated heterogeneity amongst a relatively new glioma subtype and provided a 
stepping stone towards risk stratification.
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According to current guidelines for brain tumors, the diagno-
sis of grade II-III adult diffuse glioma is assessed primarily by 
histopathological examination,1 while molecular abnormali-
ties have been evolving as supportive markers for facilitating 
diagnosis and management of these patients. Diffuse gliomas 

with mutations in the isocitrate dehydrogenase genes (IDH1/
IDH2) may represent an entirely different type of disease than 
those with wild-type IDH1/IDH2 (known as IDH–wild-type) 
glioma.2–4 Within the group of IDH-mutant gliomas, pres-
ence of 1p/19q co-deletion (IDH-mutant–codel glioma) may 
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present an additional prognostic marker separate from 
IDH-mutant glioma with intact 1p/19q chromosome arms 
(IDH-mutant–non-codel glioma). The unique character-
istics of IDH-mutant–codel glioma led to recognition of 
this subtype in the 2016 WHO Classification of Tumors 
of the Central Nervous System.5 A  series of clinical tri-
als revealed that standard radiation therapy followed by 
adjuvant chemotherapy with procarbazine, lomustine, 
and vincristine (PCV) delayed disease progression and 
increased overall survival (OS) in patients diagnosed with 
anaplastic oligodendroglioma. Interestingly, patients har-
boring 1p/19q co-deletion were more likely to respond to 
additional chemotherapy than those whose tumor was 1p 
and 19q wild-type.6–9 Approximately 85% of diffuse glio-
mas with the 1p/19q co-deletion in the TCGA cohort have 
an oligodendroglial component and could be classified as 
either grade II (low-grade) or grade III (high-grade) glioma 
according to WHO criteria. Patients with histologically and 
molecularly similar glioma may reveal heterogeneous 
clinical characteristics and responses to treatment, which 
suggest that additional factors may determine clinical 
behavior and prognosis. The management of low-grade dif-
fuse glioma (including the components necessary for diag-
nosis), the role of surveillance, and the nature of surgical 
intervention, radiation therapy, and chemotherapy (lack-
ing conclusive evidence to support best practice) remain 
controversial.10 Phenotypic and genomic intertumor het-
erogeneity of 1p/19q co-deleted gliomas may contribute to 
the lack of consistency between clinical observations.10–12 
Understanding the biological components associated with 
clinical and phenotypic heterogeneity will aid improved 
disease staging before treatment and tailoring of appropri-
ate therapeutic regimens.

Molecular markers such as IDH1/2 mutation, promoter 
methylation of MGMT, EGFR and ATRX genes mutations, 
and BRAF fusion or point mutation are increasingly rec-
ognized as integral aspects in the clinical management of 
patients with adult diffuse glioma.13 There may be a role 
for molecular markers in risk classification of 1p/19q co-
deletion glioma patients. High-risk patients could receive 
aggressive treatment with adjuvant chemotherapy, 
whereas low-risk patients might forgo intensive adjuvant 
chemotherapy. Several independent studies have dem-
onstrated that gene expression profiling can be applied 
to identify biomarkers and molecular subtypes of glioma 
associated with certain clinical outcomes.14,15 However, 
the prognostic profiles these studies identified have few 
genes in common, and the reported gene signatures are 

based on survival information and gene expression pat-
terns from histopathological glioma classes. Such gene 
signatures might not accurately predict survival for 
patients whose glioma harbor the 1p/19q co-deletion 
because the mRNA expression patterns and underlying 
biological characteristics of this subgroup may be intrin-
sically different from those gliomas without the 1p/19q 
co-deletion as implied by its distinct favorable clinical 
outcomes.16

In an integrative analysis of newly diagnosed diffuse gli-
oma patients, we observed that glioma patients harboring 
the 1p/19q co-deletion exhibit heterogeneous clinical out-
comes.2,4 In the present study, we sought to identify molec-
ular markers associated with the diverse clinical outcomes 
in this subset of glioma patients. All datasets included in 
our study were previously published and patients were 
consented as described.

Methods

Datasets

Our approach to perform gene signature selection and 
validation for classification using normalized gene expres-
sion datasets is summarized in Fig. S1. We first curated 
gene expression and sample information from 5 publicly 
available glioma datasets whose tumors were assessed 
by microarray14,17,18 or RNA-Seq,2,19 (summarized in Table 
S1). Normalized RNA-Seq by Expectation-Maximization 
(RSEM) values for The Cancer Genome Atlas (TCGA) gli-
oma samples were retrieved from the LGG-GBM project 
data portal (https://tcga-data.nci.nih.gov/docs/publica-
tions/lgggbm_2015). Reads Per Kilobase of transcript per 
Million mapped reads (RPKM) values for CGGA1 RNA-seq 
data19 were calculated using in-house software (PRADA).20 
We used Affymetrix Human Genome U133 Set annotation 
provided by the Bioconductor library hgu133plus2.db and 
hgu133a.db, and Illumina HumanHT-12 WG-DASL to con-
vert microarray probe signals to gene expression levels. 
Multiple probe sets were mapped to a single gene by aver-
aging the signals. We also curated and combined 2 gene 
expression datasets measured by microarray and used this 
as a second validation dataset21,22 (Table S1). Affymetrix 
CEL files in training and first validation dataset (but not the 
second validation dataset) were normalized together. OS 
time was defined as the time from diagnosis to death; the 
patients who were alive at the end of each study period 

Importance of the study
Recent molecular studies of adult diffuse glioma have 
identified somatic alterations that function as biomark-
ers for molecular glioma subtypes including presence 
of IDH mutations and joint chromosome arm 1p and 
19q co-deletion. The 2016 update to the World Health 
Organization (WHO) proposed a classification strategy 
based on traditional histopathology but enriched with 
IDH and 1p/19q co-deletion status. Co-deletion of 1p/19q 

was first recognized in the early 1990s, and recent clini-
cal trials have associated this prognostic glioma sub-
type marker with treatment response. However, clinical 
outcomes in patients with 1p/19q co-deleted glioma 
may vary. Our study provides insights into the biology 
of therapy-response heterogeneity. We propose a risk 
index requiring prospective validation that may be use-
ful for establishing prognosis.
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were censored at the date of last follow-up. Tumor grade 
was also established at primary diagnosis.

 Microarray expression values were  retrieved from GEO 
and log2 transformed. RNA-sequencing derived RPKM/
RSEM values from the original publications were log2 
transformed. Since each expression dataset contained a 
slightly different set of genes, we merged the expression 
datasets and retained the genes commonly present in all 
datasets in order to use elastic net to perform feature (ie, 
gene) selection. Each dataset was then globally scaled 
across all genes and samples to obtain a mean of zero and 
standard deviation of one, and an empirical Bayes frame-
work (combat) was applied to adjust batch effects on the 
merged dataset.23 Using frequency-matched random sam-
pling, we then assigned glioma samples with the 1p/19q 
co-deletion to the training dataset or validation dataset.

Predicting 1p/19 Status Using Gene Expression

DNA copy number profiles determining 1p/19q status were 
available for a subset of the cohort (Table S1). For cases 
in which it was absent, we applied a Gaussian window-
smoothing algorithm to infer the pattern of chromosome 
arm-sized copy number variations (CNVs). Using the 
expression values of the genes located on Chr-1p and Chr-
19q sorted by their genomic locations from start to end, we 
used a sliding 100 gene window to determine chromosome 
arm-wide 1p/19q expression levels. We applied the follow-
ing equation to the resulting gene-specific expression pat-

terns to determine 1p/19q status: CNVk (i) = 
j i

i

= −

+

50

50

∑ Ek (gj) /101 

where (i) is the estimated copy number (relative value) of 
sample k at ith gene in the genomic-ordered gene list, gj 
is the jth gene in the genomic-ordered gene list, and (gj) is 
the relative gene expression value of that gene in sample 
k. Note that the estimated 1p/19q status is often consistent 
with the chromosome centromere borders, with increased 
or decreased values within specific chromosomes suggest-
ing that it accurately represents chromosomal changes. We 
then applied hierarchical cluster analysis to CNVk(i) values 
to assign all samples from each dataset into a group reflect-
ing 1p/19q co-deletion and another group with 1p/19q wild-
type copy number.

Correlation of Somatic Mutations and Clinical 
Outcome

We applied the Kaplan-Meier estimator to assess the prog-
nostic value of CIC, FUBP1, NOTCH1, and PIK3CA mutations 
(the most prevalent mutations in glioma) on OS. Two-sided 
log-rank tests were used to assess the differences of OS 
between the patients with and without any of these muta-
tions. P values <  .05 were considered statistically signifi-
cant. We conducted this analysis using the TCGA dataset, 
which included mutation information. Although OS might 
be affected by treatment bias at the time of tumor progres-
sion, OS data are generally more accurate than progres-
sion-free survival data; therefore, we used OS to represent 
clinical outcomes that more accurately reflected disease 
aggressiveness in each glioma patient.

Gene Signature Selection and Risk-based 
Classification

Using the training set, we first prefiltered the genes based 
on Wald P values generated from univariate Cox models, 
selected the 1,000 most significant genes, and then applied 
the Cox proportional hazards model with elastic net pen-
alty for variable selection. The univariate and multivariable 
Cox models were built using the R package “survival,” and 
elastic net regression (ie, the combination of L1 regulari-
zation and L2 regularization) was performed using the R 
package “glmnet.”24,25The penalty parameter λ was chosen 
based on 3-fold cross validation within the training set, 
which produced the minimum mean cross-validated error 
for the Cox model. Thus, we used shrinkage-based regu-
larization combined with a univariate Cox model to obtain 
the gene signature.

Using the training dataset, we fit a multivariable Cox pro-
portional hazards model with the genes identified using the 
above penalty-based method. We then computed a prog-
nostic index for each patient in the validation set by multi-
plying his/her gene expression values by the corresponding 
regression coefficients estimated from the training data. 
This resulted in a risk score for each patient in the valida-
tion dataset according to a linear combination of the mRNA 
expression level from the validation data weighted by the 
multivariable Cox model-derived regression coefficients 
from the training data. We calculated the concordance index 
(C-index) for the gene signature, age, grade, and gene signa-
ture combined with age and grade, respectively, using the R 
package “survcomp.”26 We also calculated the hazard ratios 
(HRs) and their 95% confidence intervals between 2 groups 
of patients with risk scores above and below the median risk 
score computed from the training dataset.

Association of Risk Classification and Clinical 
Outcome

We divided the patients from the validation dataset into 
high-risk and low-risk groups based on their risk scores 
derived from the linear prediction and using the median 
risk score in the training set as the cutoff value. We used 
the Kaplan–Meier estimator and the 2-sided log-rank test 
to evaluate the differences in OS between the high-risk 
and low-risk patients. To examine the robustness of the 
risk-based classification using selected genes, we divided 
the patients into subgroups using a series of different risk 
scores as cutoff value and evaluated the difference of OS 
between high-risk and low-risk groups using the Kaplan–
Meier estimator and HR. To further investigate the trend 
of the OS pattern to align with the predicted risk scores, 
we fit a smoothing spline to ascertain the association of 
risk scores with the OS of the patients in the validation 
dataset.

Top Gene Ontology and Gene Set Variation 
Analysis of Associated Genes

We first used a Student’s t test to identify the genes dif-
ferentially expressed between the high-risk and low-risk 
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groups, only including genes with a P value <.05 and an 
absolute difference in median gene expression of 0.4. We 
then mapped the gene ontology (GO) terms of the corre-
sponding 260 genes that presented the most variance in 
expression between the 2 risk groups. We applied gene set 
variation analysis (GSVA)27 to obtain the enrichment scores 
for each gene set that corresponded to the GO terms con-
taining those genes in all of the patients.

Evaluation of Tumor Purity with ESTIMATE Gene 
Signatures

We inferred tumor purity of each sample using ESTIMATE,28 
which reflects the enrichment of stromal and immune cell 
gene signatures in a transcriptional profile.

Results

Effects of Somatic Mutations on Patient Outcome

Recent studies by TCGA and others have revealed genes 
frequently mutated in IDH-mutant and 1p/19q co-deleted 
glioma including the 1p gene FUBP1 and the 19q gene 
CIC. Mutations in these genes fulfill the classic Knudson 
tumor suppressor 2-hit model in which one allele is lost 
and the second is inactivated through somatic muta-
tion. hus, glioma carrying CIC/FUBP1 mutations may 
have progressed further compared to those that are CIC/
FUBP1 wild type. To test this hypothesis, we performed 
univariate survival analyses of 151 diffuse IDH-mutant–
codel gliomas from TCGA. We found significant correla-
tion between OS and the presence of FUBP1 mutation 
(n = 40 of 151; log-rank test P value = .05) but not CIC 
mutation (n = 71 of 151; log-rank test P value = .71). No 
associations were observed for other gene mutations fre-
quently detected in IDH-mutant–codel gliomas such as in 
NOTCH1 (23/151; log-rank test P value = .46), or PIK3CA 
(20/151; log-rank test P value = .06). Despite the relatively 
small numbers of death events in the TCGA dataset (15 of 
151), our results suggest that these mutations do not sig-
nificantly affect disease progression or clinical outcomes 
in IDH-mutant–codel glioma patients.

Constructing a Gene Expression Dataset of 
1p/19q Co-deleted Glioma

Since only FUBP1 somatic point mutations showed a 
significant but inconclusive association with patient out-
comes, we set out to identify a gene expression signature 
with the potential to identify high-risk IDH-mutant-codel 
patients. We curated gene expression and clinical infor-
mation from 7 publicly available datasets of adult diffuse 
glioma patients whose tumors were assessed by microar-
ray or RNA sequencing. Where available, we used anno-
tation on 1p/19q co-deletion available per the respective 
publications or data from genome-wide DNA copy num-
ber profiling to identify IDH-mutant–codel cases. Because 
these data were unavailable in some datasets, we applied 
a Gaussian window smoothing algorithm to infer the 

signal of large scale CNVs for each sample. By suppress-
ing individual gene-specific expression patterns and 
averaging relative expression levels over large genomic 
regions, we selected the samples harboring the 1p/19q 
co-deletion based on the hierarchical clustering of CNVs 
estimated from each dataset (Fig. 1). We found that our 
method could predict 1p/19q codel status with high accu-
racy in the TCGA dataset (sensitivity = 0.97, specificity = 
0.97, Mathews correlation coefficient = 0.94). Using the 
window sliding method in the Weller et al. dataset, which 
included CGH-based 1p/19q status, resulted in a speci-
ficity of 0.91. We curated 411 of 2,231 gliomas to contain 
the 1p/19q co-deletion and retained those samples with 
survival data, resulting in the dataset consisting of 374 
1p/19q codel IDH mutant glioma gene expression profiles 
(Table S1).

The patient characteristics of the 1p/19q co-deletion 
glioma cohort are summarized in Table 1. The patients’ 
median age at diagnosis was 43 years (range, 17–87 years). 
The median survival time was 75.7 months (range 1–248 
months), and 121 events occurred. Among censored cases, 
the median follow up was 22.7 months (range: 0–182.3 
months). After performing scale normalization using the 
13,345 genes common to all datasets, we found no distinct 
clustering in any of the 5 gene expression datasets in the 
training and first validation set, suggesting that any plat-
form or batch variance across the different datasets had 
been mostly eliminated (Fig. S2).

Identification of a 35-Gene Signature Associated 
with Overall Survival

We divided 333 patients from 5 datasets (Table S1) into 
training and validation datasets by frequency-matched 
random sampling so that each consisted of comparable 
numbers of astrocytic, oligodendrocytic, and mixed his-
tological tumor subtypes. We also balanced for chemo-
therapy and radiotherapy treatment. Through controlled 
randomized sampling, the training dataset (n = 170, 
death events = 64) included 105 samples with treatment 
annotation of whom 26 patients received radiotherapy 
and 26 patients received chemotherapy, with eleven of 
those cases undergoing both radio- and chemo-ther-
apy. The remaining 105 patients (n = 64) were surgically 
debulked without further treatment. The first validation 
dataset (n = 163, death events = 57) comprised 84 sam-
ples with treatment information specifying which 22 
patients received radiotherapy and which 18 received 
chemotherapy. To build the training model, we selected 
the 1,000 genes with the most significant linear correla-
tion with OS. We then applied a linear regression func-
tion that fits the Cox model regularized by an elastic net 
penalty (Fig. S3) to select 35 genes as active covariates 
of the Cox model to assess the prognostic index in the 
validation sets (Table S1). To assess performance of the 
signature genes as classifier, we computed a linear com-
bination of the 35 genes using the coefficients of multi-
variable Cox regression derived from the training set to 
calculate the risk scores for the patients in the first vali-
dation dataset. By using the median risk score amongst 
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samples from the training dataset as the cutoff value to 
divide the first validation dataset into high-risk and low-
risk groups, we found a significant difference in OS time 
between the 2 groups (log-rank test P = .014)(Fig. 2A). 
The high-risk group associated with a HR of 2.03 (95% 
confidence interval, 1.14–3.60). The median OS duration 
was 75.2 months for the patients with high-risk prognos-
tic indices and 118.2 months for those with low-risk indi-
ces. We also found a significant difference in OS when 
dividing the first validation set using the top and bottom 
quartile risk scores (log-rank test P = .0085; HR = 2.9, 
95% confidence interval, 1.3- 6.6;, Fig. S6A). We evalu-
ated several different arbitrary risk score cutoffs to define 
the high-risk and low-risk patient groups and found that 
the OS of the low-risk group was significantly better 
than that of the high-risk group regardless of the cutoff 
value chosen (Fig. S6B, Fig. S6C). We then computed risk 
scores on 41 samples with predicted 1p/19q co-deletion 
from 2 datasets that were not included in the training set 

(Table S1). There was no significant difference in survival 
between the 2 resulting groups in this second validation 
set (log-rank test P = .25, HR = 2.7), which was likely due 
to the low number of death events (n = 5)(Fig. S7). There 
was a trend in the high-risk group toward reduced sur-
vival compared with the low-risk group. Combining both 
validation sets into a single analysis showed a highly sig-
nificant difference in survival between the high-risk and 
low-risk groups (log-rank test P = .00058, HR = 2.65)(Fig. 
2B). We performed scaled Schoenfeld residuals to verify 
proportional hazards assumption (Fig. S4) and martin-
gale residuals analysis to verify the linearity (Fig. S5) as 
well as variance inflation factor (VIF) analysis to assess 
the potential for multicollinearity on those 35 signature 
genes (Table S2). The results of residual analysis with 
overall VIF were acceptable without high correlation, with 
all VIF values being < 10 in the training dataset. These 
results suggest that the 35-gene signature is significantly 
associated with the survival of 1p/19q co-del patients.

Fig. 1 Co-deletion of 1p/19q inferred by gene expression profiling. Normalized gene expression levels of chromosome 1 and chromosome 19. Top 
panel (A) shows Rembrandt glioma dataset (n = 69 with co-deletion, n = 550 total). Bottom panel (B) shows the TCGA dataset. The top bar denotes 
the CODEL status based on SNP6 DNA copy number arrays, the bottom bar denotes the CODEL status inferred by our method using gene expres-
sion data (n = 162 with co-deletion, n = 667 total). The green bar denotes the samples classified as CODEL,and the yellow bar denotes the samples 
classified as non-CODEL. The averaged expression level is shown in red-white-blue scale.
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Multivariable Analysis Shows Prognostic Power 
of 35-Gene Signature

By using the prognostic index (risk score) as a continuous 
covariate, we determined the predictive accuracy by com-
puting the C-index of the gene signature, age, and grade. 
We also examined the C-index value of the gene signa-
ture combined with age and grade. Both analyses were 
performed in the joint validation set and were restricted 
to the partcipants whose age and grade information 
were available. The C-index of the gene signature (0.626 
± 0.044) was comparable to that of age (0.640 ± 0.048) or 
grade (0.640 ± 0.073) alone (Table 2). The highest C-index 
was achieved when the 3 variables (0.663 ± 0.041) were 
combined. These results suggest that risk prediction was 
most accurate when the 35-gene signature was combined 
with age and tumor grade.

Functional Annotation of 35-gene Signature

We compared gene expression between the high-risk and 
low- risk groups and found that 32 of 35 signature genes 
showed a significant difference (Fig. S8, Table S3). Gene set 
variation analysis revealed that the differentially expressed 
genes in two groups were associated with inflammation, 
acetylation activity, response to copper ions, prostaglan-
dins (Fig. 3). The corresponding biological functions of 
protein acetylation, inflammatory response, and copper 
homeostasis may contribute to these patients’ high risk 
and poor clinical outcome.

Fig. 2 A. Kaplan-Meier survival analysis of glioma patients har-
boring 1p/19q co-deletion according to 35-gene signature derived 
risk scores. Kaplan-Meier cumulative survival curves for first vali-
dation set glioma patients with 1p/19q co-deletion tumors, classi-
fied in 2 groups based on 35-gene signature derived risk scores. 
The survival of the high-risk patients (solid line) was significantly 
worse than that of the low-risk patients (dashed line; P = .014, log-
rank test) B. Kaplan-Meier survival analysis of codel glioma in 
the combined validation dataset according to 35-gene signature 
derived risk scores. Kaplan-Meier survival curves for 1p/19q co-
deletion glioma patients from the first and second validation data-
set, separated into 2 groups based on risk score. The survival of the 
high-risk patients (solid line) was significantly worse than that of 
the low-risk patients (dashed line; P = .0058, log-rank test).

Table 1 Clinical characteristics of glioma patients harboring the 
1p/19q co-deletion

Characteristic No. of Patients

Age, years (range =17, 87; median = 43)

 < 43 175

 > 43  179

 43 13

 Not available 7

Sex

 Male 217

 Female 148

 Not available 9

Time to death/last follow-up for event-free subjects: median 
22.7 mo, range: 0–182.3 mo

WHO grade

 II 179

 III 159

 IV 16

 Not available 20

Histologic subtype

 Oligodendroglioma 217

 Astrocytoma 32

 Oligoastrocytoma 96

 GBM 9

 Not available 13

Abbreviations: GBM, glioblastoma multiforme; WHO, World Health 
Organization.
Note: The dataset of glioma patients with the 1p/19q co-deletion was 
curated and selected based on copy number variation information  
from The Cancer Genome Atlas (15 death events/151 patients), the 
Chinese Glioma Genome Atlas (22 death events/81 patients),12,17  
Gravendeel et al. (35 death events/40 patients),14 Rembrandt et al.  
(49 death events/61 patients),15 Weller et al. (4 death events/31  
patients),22 and Guan et al (1 death event/10 patients).21
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The presence of the inflammation category among the 
differentially activated GO terms suggested differences in 
the tumor microenvironment between the high-risk and 
low-risk groups. We applied the ESTIMATE algorithm to 
predict tumor purity using the gene expression profiles28 
and found a significant increase in ESTIMATE scores in 
the high-risk group (Fig. S9), suggesting that a greater 
presence of inflammatory microenvironment compo-
nents is associated with progressive tumorigenesis.

Applying the 35-gene Signature Across Glioma

We asked whether the 35-gene signature model is also 
associated with patient survival in patients with IDH-wild-
type or IDH-mutant non-codel gliomas. From TCGA, we 
obtained the gene expression profiles of 223 IDH-mutant 
gliomas that were wild type for chromosome arms 1p and 
19q and the transcriptional profiles from 221 IDH–wild-
type gliomas. The analysis was restricted to cases with 

available outcome data and expression data generated by 
RNA sequencing. After computing risk scores for all sam-
ples, we separated the 2 datasets into low-risk and high-
risk groups based on median risk score respectively and 
observed significant differences in OS for both glioma cat-
egories (Fig. 4).

To gain insight into the universal relevance of the 
35-gene signature across different molecular subtypes 
of glioma, we also applied the ESTIMATE algorithm to 
compare tumor purity between high-risk and low- risk 
groups. As for IDH-mutant–codel gliomas, we found that 
ESTIMATE-based tumor purity scores were significantly 
lower in the low-risk group of IDH–wild-type glioma sam-
ples compared with their high-risk counterpart (Fig. S10). 
This was not the case for IDH–wild-type LGG nor for IDH-
mutant non-codel gliomas regardless of grade (Fig. S10). 
The difference in microenvironment presence between the 
high-risk and low-risk groups of IDH-wildtype glioblastoma 
emphasizes the facilitating role that tumor-associated 
microglia play in promoting disease progression.29

Table 2 Performance of multivariable analysis in the validation dataset

Predictor Gene 
Signature

Age Grade Age + Grade Gene Signature + 
Age + Grade

C-Index ± SE 0.626 ± 0.044 0.640 ± 0.048 0.640 ± 0.073 0.656 ± 0.041 0.663 ± 0.041

C-Index(CI) 0.540, 0.712 0.545, 0.734 0.497, 0.785 0.574, 0.737 0.583, 0.743

HR (95% CI) 1.78(1.02–3.11) 1.71(0.99–2.97) 1.26 (0.74–2.15) 2.06(1.18–3.60) 3.23 (1.73–6.04)

Abbreviations: C-index, concordance index; HR, hazard ratio; CI, confidence interval.
Estimates are based on data from patients in the combined validation dataset (n = 191, first validation dataset + second validation dataset), with 
both age and grade information available. The hazard ratios (HRs) and their 95% confidence intervals between 2 groups of patients in the validation 
dataset were calculated based on their risk scores above and below the median risk score computed from the training dataset.

Fig. 3 Association of risk groups with gene ontology (GO) function. Risk scores for each patient (top bar; in ascending order, from left to right) 
were derived from a multivariable Cox model. Gene set variance analysis was used to calculate gene set enrichment scores (bottom). The P val-
ues on the right were obtained using a t test of enrichment scores from high-risk and low-risk groups for each GO term.
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Discussion

High-throughput gene profiling and sequencing have 
yielded new insights on the molecular aberrations under-
lying glioma.4,30 As our perspective on the optimal clini-
cal and molecular marker-based classification of adult 
diffuse glioma harboring 1p/19q co-deletion progresses, 
biomarkers for risk-based classification may provide addi-
tional value. Our systematic analysis identified a 35-gene 
signature, which classified 1p/19q codel glioma patients 
according to their OS. Remarkably, the median survival of 
the group of patients classified as high risk was 75 months, 
confirming that 1p/19q codel patients have a favorable 
OS and suggesting a relatively homogeneous disease 
subtype. Our gene signature was derived from multiple 
data sources and represented patients from a mixture of 
diffuse glioma grades and histologies. We validated the 
prognostic performance in independent validation data-
sets and showed the signature to have added predictive 

signal when combined with known prognostic markers 
such as age and grade. While normalization of the raw 
data of training and validation should be performed inde-
pendently, this was not possible due to the nonavailability 
of several of the files needed. Patients in our cohort were 
treated using a variety of different modalities, and treat-
ment annotations were lacking for a substantial portion 
of the dataset. With the recent introduction of a potential 
standard of care for low-grade glioma,8 it is important to 
repeat and validate the gene signature on a coherently 
treated patient dataset while considering additional prog-
nostic factors such as tumor size, location, and extent of 
resection. In order to pursue validation studies, risk scores 
can be computed using the gene signature and regression 
coefficients provided in Table S2.

The univariate Cox model alone is insufficient for fea-
ture selection through estimation of survival as clinical 
endpoints when solving regression problems with high 
dimensional data. To prevent overfitting, the ridge regres-
sion Cox model demonstrates the best performance in 

Fig. 4 Prediction of outcome in non-codel IDH-mutant glioma and IDH-wild-type glioma. Kaplan-Meier cumulative survival curves for TCGA dif-
fuse glioma patients whose tumors carry IDH-mutation but not the 1p/19q co-deletion (left) and with IDH-wild-type tumors (right), classified into  
2 groups based on 35-gene signature-derived risk scores. P value is the result of a log-rank test between the 2 groups shown in each panel.
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tested datasets.31 Therefore, we applied the univariate 
Cox model for filtering genes related to OS time and used 
regularized regression coefficients, which were calculated 
by an elastic net regression Cox model that combined the 
algorithm of ridge and lasso regression to increase the 
predictive performance of the prognostic index on inde-
pendent data. Owing to the relatively small number of 
events (64 deaths/170 patients in the training dataset), we 
applied a 3-fold cross-validation for Cox proportional haz-
ards regression and selected the signature genes with opti-
mized λ based on penalty regularization. While none of the 
individual genes showed an exceptionally high coefficient 
in our Cox model, multiple genes cumulatively exhibited 
an effect on survival prediction. Finally, we used multi-
variable Cox regression to adjust the selected genes for 
the clinical factors of age and grade and to generate our 
prognostic index. We would have preferred to adjust for 
the clinical factors while selecting the genes in the elastic 
net Cox model but could not find software to facilitate this 
approach. As treatment information was unavailable for a 
considerable portion of our cohort (43%), we did not con-
sider treatment variables in our statistical modeling.

Pathway analysis suggested that N-terminal acetyltrans-
ferases (NATs), protein acetylation, response to copper 
ions, prostaglandins, and inflammation may be involved in 
1p/19q glioma progression. Therapeutic agents (including 
tamoxifen and cisplatin) have been reported to demonstrate 
their anticancer effects through NAT inhibitory activity,32–35 
suggesting that NATs be targeted as a potential therapeu-
tic strategy in high-risk 1p/19q co-deleted cases. In addition, 
copper depletion may act as an effective antiangiogenesis 
strategy,36 and prostaglandins play an important role in cell 
adhesion, migration, and invasion during cancer develop-
ment.37 Accordingly, the genes involved in protein acetyla-
tion and response to inflammation and copper are highly 
expressed in high-risk glioma patients.38 These data indicate 
that alterations in the expression levels of these signature 
genes might exert significant roles in glioma progression by 
promoting growth and conveying cell survival advantages. 
In addition to our pathway analyses, we noted that the stro-
mal and immune-related signals quantitated via ESTIMATE 
scores were significantly increased in the high-risk group rel-
ative to the low-risk group of 1p/19q codel glioma as well as 
in IDH–wild-type glioblastoma. This observation implies an 
association between the survival risk predicted by our gene 
signature and the infiltration by tumor-associated normal 
cells, which play a critical role in microenvironment regula-
tion during tumor progression.39 Four genes (ITIH3, TRAT1, 
FRZB, IL32) from 35 genes’ signature overlap with the stro-
mal and immune gene signatures use to define ESTIMATE 
scores, further nominating the tumor microenvironment as a 
potential risk factor for subsets of glioma patients.

Collectively, our findings highlighted signature genes 
that might be involved in critical tumor progression and 
fundamental biological functions in gliomas with the 
1p/19q co-deletion. The lack of treatment standardization 
among our patient cohort means that further research is 
needed to determine whether this or other gene signatures 
could serve as treatment biomarkers. Ideally, clinical deci-
sions are based on a predictive model that involves inte-
grating clinical variables, tumor phenotypic, and molecular 

factors. While further and prospective validation is needed, 
the gene signature approach may provide a starting point 
to better understanding of prognostic risk factors in 1p/19q 
co-deletion glioma. The results described here provide a 
first report investigating the heterogeneity of the relatively 
novel entity of 1p/19q codel glioma.

Supplementary Material

Supplementary data are available at Neuro-Oncology 
online.
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