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Abstract
Background. Twenty-five single nucleotide polymorphisms (SNPs) are associated with adult diffuse glioma risk. 
We hypothesized that the inclusion of these 25 SNPs with age at diagnosis and sex could estimate risk of glioma 
as well as identify glioma subtypes.
Methods.  Case-control design and multinomial logistic regression were used to develop models to estimate the 
risk of glioma development while accounting for histologic and molecular subtypes. Case-case design and logistic 
regression were used to develop models to predict isocitrate dehydrogenase (IDH) mutation status. A total of 1273 
glioma cases and 443 controls from Mayo Clinic were used in the discovery set, and 852 glioma cases and 231 con-
trols from UCSF were used in the validation set. All samples were genotyped using a custom Illumina OncoArray.
Results.  Patients in the highest 5% of the risk score had more than a 14-fold increase in relative risk of developing 
an IDH mutant glioma. Large differences in lifetime absolute risk were observed at the extremes of the risk score 
percentile. For both IDH mutant 1p/19q non-codeleted glioma and IDH mutant 1p/19q codeleted glioma, the lifetime 
risk increased from almost null to 2.3% and almost null to 1.7%, respectively. The SNP-based model that predicted 
IDH mutation status had a validation concordance index of 0.85.
Conclusions. These results suggest that germline genotyping can provide new tools for the initial management of 
newly discovered brain lesions. Given the low lifetime risk of glioma, risk scores will not be useful for population 
screening; however, they may be useful in certain clinically defined high-risk groups.

Key Points

1.  Using 25 glioma germline variants we developed a risk model to estimate glioma risk. 

2. � Using 25 germline variants we developed a model to distinguish IDH mutated versus 
wild-type glioma.
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Annually, glioma is diagnosed in approximately 20 000 
adults in the US.1 Traditional diagnostic and prognostic fea-
tures include age at diagnosis, sex, Karnofsky performance 
score, tumor histology, and tumor grade. However, deter-
mining the histologic type and grade can be challenging in 
adult gliomas. Recently it has become clear that adult glio-
mas can also be classified using various molecular genetic 
markers,2–8 some of which are included in the 2016 World 
Health Organization (WHO) glioma classification guidelines.9 
In particular, the presence or absence of isocitrate dehydro-
genase (IDH) mutation, chromosome arms 1p and 19q dele-
tion (1p/19q codeletion), telomerase reverse transcriptase 
(TERT) promoter mutation, tumor protein 53 (TP53) immu-
noreactivity, and α-thalassemia/mental retardation syndrome 
X-linked (ATRX) immunoreactivity have been shown to be 
associated with patient outcome. Gliomas with IDH muta-
tion and 1p/19q codeletion have the best prognosis, define 
tumors of oligodendroglial histology, and usually contain 
TERT promoter mutations. Gliomas with IDH mutation with-
out 1p/19q codeletion have an intermediate prognosis and 
define tumors of astrocytic lineage; these gliomas usually 
have overexpression of TP53 and loss of ATRX expression. 
Gliomas without IDH mutation (ie, IDH wild-type) are most 
often primary glioblastomas (GBM), and these tumors have 
the poorest prognosis. Primary GBM often have TERT pro-
moter mutations.2,3,10,11

Familial gliomas account for approximately 5% of gli-
oma patients.12–14 Thus, most cases of adult glioma are 
of unknown origin. Genome-wide association studies 
(GWAS) have identified germline single nucleotide poly-
morphisms (SNPs) in 25 regions that are associated with 
the development of adult diffuse glioma.15–22 Some of 
these SNPs have been associated with risk of specific gli-
oma molecular subtypes.2,16,23 The strongest association is 
with the 8q24 SNP rs55705857, which confers an approxi-
mately 6.0-fold relative risk of IDH mutant gliomas.

We hypothesized that we could use germline SNPs, 
along with age at diagnosis and sex, to estimate glioma 
risk and histologic and molecular subtype. We examined 
all 25 known glioma SNPs2 and generated scores to esti-
mate relative and lifetime absolute risk of glioma as well as 
risk of specific subtypes.

Methods

Subjects

Mayo Clinic case-control study

The Mayo Clinic glioma case-control study has been 
described previously.2,17,22,24 This study was approved by 

the Mayo Clinic Office for Human Research Protection, and 
informed written consent was obtained from all participants. 
Cases were identified at diagnosis (at Mayo Clinic) or at the 
time of pathologic confirmation (diagnosed elsewhere and 
treated at Mayo Clinic); patients were at least 18 years of 
age and had a surgical resection or biopsy between 1973 
and 2014. Patient clinical data were extracted from the elec-
tronic medical record. Controls were recruited through the 
Mayo Clinic Biobank, an institutional biorepository of sub-
jects recruited from April 2009 through December 31, 2015. 
Participants provided consent to participate in future stud-
ies approved by the Biobank Access Committee. Controls 
were at least 18 years old and had no history of a previous 
brain tumor. The Biobank is supported by the Mayo Clinic 
Center for Individualized Medicine. Consenting participants 
provided blood, buccal, and/or saliva specimens and infor-
mation during in-person or telephone interviews. A total of 
1273 cases and 443 controls were evaluated.

UCSF Adult Glioma Study (AGS) case-control study

The UCSF case-control study includes participants of the 
San Francisco Bay Area Adult Glioma Study (AGS). This 
study was approved by the UCSF Committee on Human 
Research, and informed written consent was obtained 
from all participants. Details of subject recruitment for 
AGS have been reported previously.2,12,15,17,22,25,26 Cases 
were adults (>18 y of age) with newly diagnosed, histologi-
cally confirmed grade II, III, or IV glioma. Population-based 
cases diagnosed between 1991 and 2009 and residing in 
the 6 San Francisco Bay Area counties were ascertained 
using the Cancer Prevention Institute of California’s early 
case ascertainment system. Clinic-based cases diagnosed 
between 2002 and 2012 were recruited from the UCSF 
Neuro-oncology Clinic, regardless of place of residence. 
Between 2010 and 2012, controls were recruited from the 
UCSF general medicine phlebotomy clinic. Consenting par-
ticipants provided blood, buccal, and/or saliva specimens 
and information during in-person or telephone interviews. 
A total of 852 cases and 231 controls were evaluated.

Genotyping

All Mayo Clinic and UCSF cases and controls were geno-
typed on the same custom Illumina OncoArray.17 To note, 
GWAS results for 358 of 1273 (28%) Mayo cases, all 443 
Mayo controls, 277 of 852 (33%) UCSF cases, and 229 
of 231 (99%) UCSF controls were also reported previ-
ously.17 Herein, we evaluated the previously confirmed 25 
glioma risk SNPs.15–22 Of these 25 SNPs, 10 were directly 
genotyped, whereas 15 were imputed with high quality 
(R2 > 0.93; Supplementary Table 1).

Importance of the Study

Genome-wide association studies identified variants in 25 
regions that are associated with development of adult dif-
fuse glioma. We show that these 25 germline variants can 
be used to develop a glioma subtype model that can be 
used to predict glioma subtype—for example, distinguish-
ing less aggressive IDH mutated from more aggressive 

IDH wild-type glioma. Using the same 25 variants we also 
developed a glioma risk model to estimate relative and 
lifetime absolute risk. While the prevalence of glioma is 
too rare for population screening, the proposed risk model 
and subtype model could be used as another clinical bio-
marker to guide the clinical decision-making process.
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Statistical Methods

Association of 25 known glioma risk SNPs with  
molecular subtypes

Standard SNP quality-control metrics were evaluated. 
Mayo Clinic and UCSF SNP data were each phased and 
imputed using the Michigan Imputation Server with the 
Haplotype Reference Consortium (HRC release 1)  as the 
reference population. To account for glioma subtypes, an 
additive multinominal logistic regression model was used 
for each of the 25 SNPs to assess the association between 
each SNP and disease status:27

ln
P (Yi = k)

P (Yi = control)
= βX + ε.

Yi denotes the disease status of subject i, where control 
denotes the reference outcome and k denotes the 5 molec-
ular subtypes of glioma based on TERT promoter muta-
tion, IDH mutation, and 1p/19q codeletion: triple-negative 
(IDH wild-type, TERT wild-type, and 1p/19q non-codeleted), 
TERT mutation only, IDH mutation only, TERT and IDH 
mutation, and triple-positive (IDH mutant, TERT mutant, 
and 1p/19q codeleted).2 The matrix X represents predictor 
variables (SNP, age, sex, and site), β is a vector of estimated 
coefficients, and ε is a vector of error terms. Genotype was 
coded as 0, 1, or 2 copies of the alternate allele for geno-
typed SNPs, whereas dosage was analyzed for imputed 
SNPs. All models adjusted for age (continuous), sex, and 
site (Mayo Clinic and UCSF). The overall F-statistic for the 
SNP main effect tests whether any of the molecular sub-
types have an odds ratio significantly different than one. If 
the overall F-statistic was significant (P < 0.002; corrected 
for testing 25 SNPs), then contrast statements were cre-
ated to determine which molecular subtypes had odds 
ratios that were significantly different than one.

Glioma risk models (case-control design)

Additive multinominal logistic regression models were 
used to develop 2 glioma risk models: (i) where subtypes 
were classified as GBM (grade IV) or non-GBM (grades II–
III), and (ii) where subtypes were classified molecularly as 
IDH wild-type, IDH mutant 1p/19q non-codeleted, or IDH 
mutant 1p/19q codeleted. All risk models contained addi-
tive effects for age (continuous), sex, and the 25 known gli-
oma risk SNPs; all variables were retained in the models. 
We utilized a 2-stage (discovery and validation) design28; 
risk models were built using Mayo Clinic glioma cases 
and controls and validated using UCSF cases and con-
trols. Multinomial logistic regression was used to estimate 
odds ratios for having a particular glioma subtype by per-
centile of risk score. Risk score percentile categories were 
determined from the Mayo Clinic controls, and the middle 
category (45–55%) was used as the reference category in 
the multinomial logistic models. Lifetime absolute risk of 
developing specific subtypes of glioma at different risk 
score percentile categories was estimated by multiplying 
the absolute risk in the general population by the relative 
risk for each percentile category. This approach is appropri-
ate, since the absolute risk of developing an adult diffuse 
glioma is low.14,29

Glioma subtype models (case-case design)

Two glioma subtype models were developed using logis-
tic regression: predicting (i) GBM or non-GBM and (ii) IDH 
mutation status. We utilized a 2-stage design; Mayo Clinic 
glioma cases were used to develop the models, and UCSF 
glioma cases were used for validation. The subtype mod-
els contained additive effects for age (continuous), sex, 
and the 25 glioma risk SNPs; all variables were retained 
in the models. This full model was compared with a model 
that contained only additive effects for age and sex. Model 
discrimination was assessed using concordance index 
(c-index) and 95% confidence intervals (CIs). The c-index 
denotes the probability that a randomly selected patient 
who has an IDH mutation had a higher risk score than a 
patient who did not have an IDH mutation. The c-index 
is equal to the area under the receiver operating charac-
teristic curve and ranges from 0.5 to 1.  Model calibra-
tion was assessed by plotting observed versus predicted 
probabilities.30

Results

Association of 25 Known Glioma Risk SNPs with 
Molecular Subtypes

Using 1273 gliomas and 443 controls from Mayo Clinic 
and 852 gliomas and 231 controls from UCSF (Table 1), 
we evaluated the association of the 25 glioma risk SNPs 
with risk of the 5 molecular subtypes of glioma defined by 
IDH mutation, TERT promoter mutation, and 1p/19q code-
letion.2 We observed 3 categories of associations (Table 2, 
Supplementary Table 2). The first category consisted of the 
TP53 SNP, which was associated with all molecular sub-
types except triple-negative glioma. The second category 
consisted of SNPs that were associated with gliomas that 
have an IDH mutation. The third category consisted of 
SNPs that were associated with TERT mutation only glio-
mas. TERT mutation only gliomas comprise largely pri-
mary GBM and IDH wild-type glioma.

Glioma Risk Models

Based on the association results described above, molecular 
subtypes were defined as IDH wild-type, IDH mutant 1p/19q 
non-codeleted, or IDH mutant 1p/19q codeleted. Using 402 
Mayo Clinic glioma cases (165 IDH wild-type, 141 IDH mutant 
1p/19q non-codeleted, 96 IDH mutant 1p/19q codeleted) and 
443 Mayo Clinic controls (Table 1), coefficients from the mul-
tinomial logistic regression model were used to estimate 
risk scores associated with being IDH wild-type, IDH mutant 
1p/19q non-codeleted, and IDH mutant 1p/19q codeleted (Fig. 
1, Supplementary Table 3). The association of risk score by 
categories of glioma risk for each molecular subtype is pro-
vided in Fig. 2 and Table 3. Patients in the highest 5% of the 
IDH wild-type risk score have more than a 5-fold increased 
risk of developing an IDH wild-type glioma in comparison 
to patients with median risk scores. Patients in the high-
est 5% of the IDH mutant 1p/19q codeleted or IDH mutant 
1p/19q non-codeleted risk score had more than a 14- and 
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19-fold increased risk, respectively, of developing an IDH 
mutant glioma in comparison to patients with median risk 
scores. The molecular risk model was validated using UCSF 
glioma cases (335 IDH wild-type, 133 IDH mutant 1p/19q 
non-codeleted, 92 IDH mutant 1p/19q codeleted) and con-
trols (Table 1). The association of risk score by categories of 
risk of glioma was similar to the Mayo Clinic series (Fig. 1, 
2). Large differences in lifetime absolute risk of developing a 
particular molecular subtype of glioma was observed at the 
extremes of the risk score percentile categories (Table 3). The 
lifetime risk of developing an IDH wild-type glioma at the 5th 
and 95th percentiles of the risk score increased from 0.2% to 
1.7%. For IDH mutant 1p/19q non-codeleted and IDH mutant 
1p/19q codeleted gliomas, the lifetime risk increased from 
almost null to 2.3% and almost null to 1.7%, respectively.

Similar analyses were performed grouping gliomas 
as GBM versus non-GBM; the results are available in the 
Supplementary Materials.

Glioma Subtype Models

The models described above estimated the relative risk 
and lifetime absolute risk of a patient developing an adult 
diffuse glioma. We hypothesized that once a glioma diag-
nosis is suspected, germline SNPs obtained from a simple 
blood test can also be used to determine the patient’s sub-
type. Thus, we developed a model to predict IDH mutation 
status. Using Mayo Clinic glioma cases, the coefficients 
from a logistic model were used to estimate the prob-
ability of being IDH mutant (Fig. 3, Supplementary Table 
4). The c-index associated with predicting IDH mutation 
status was 0.88 (95% CI: 0.84–0.91) (Supplementary Table 
5). The model was well calibrated (Supplementary Fig. 1). 
To validate the model, model coefficients estimated from 
the Mayo Clinic cases were applied to the UCSF cases. 
The distribution of probabilities for the UCSF glioma cases 
was similar to the Mayo Clinic cases (Fig. 3). The validation 

Table 1  Patient and tumor characteristics for Mayo Clinic and UCSF glioma cases and controls

 Mayo Clinic UCSF

 Cases (N = 1273) Controls (N = 443) Cases (N = 852) Controls (N = 231)

Age

  Median 48 56 51 54

  Q1, Q3 36, 59 44, 66.5 40, 60 41, 64

  Range 18–84 22–84 19–87 18–89

Sex

  Female 525 (41.2%) 193 (43.6%) 357 (41.9%) 110 (47.6%)

  Male 748 (58.8%) 250 (56.4%) 495 (58.1%) 121 (52.4%)

Histology

  Astrocytoma 365 (28.7%)  178 (20.5%)  

  Oligodendroglioma 195 (15.3%)  187 (21.6%)  

  Oligoastrocytoma 232 (18.2%)  77 (8.9%)  

  Glioblastoma 481 (37.8%)  410 (47.3%)  

Tumor Grade

  II 401 (31.5%)  273 (32%)  

  III 391 (30.7%)  169 (19.8%)  

  IV 481 (37.8%)  410 (48.1%)  

Major 2016 WHO Categories9 / TCGA Molecular Subtypes3

  Missing 871  292  

  IDH mutant 1p/19q codeleted 96 (23.9%)  92 (16.4%)  

 � IDH mutant 1p/19q 
non-codeleted

141 (35.1%)  133 (23.8%)  

  IDH wild-type 165 (41%)  335 (59.8%)  

Eckel-Passow et al. Molecular Subtype2

  Missing 871  292  

  Triple-negative 22 (5.5%)  65 (11.6%)  

  TERT mutation only 143 (35.6%)  270 (48.2%)  

  IDH mutation only 120 (29.9%)  117 (20.9%)  

  TERT & IDH mutations 21 (5.2%)  16 (2.9%)  

  Triple-positive 96 (23.9%)  92 (16.4%)  

TCGA = The Cancer Genome Atlas.

  

D
ow

nloaded from
 https://academ

ic.oup.com
/neuro-oncology/article/21/4/451/5280678 by guest on 23 April 2024

http://academic.oup.com/neuro-oncology/article-lookup/doi/10.1093/neuonc/noz009#supplementary-data
http://academic.oup.com/neuro-oncology/article-lookup/doi/10.1093/neuonc/noz009#supplementary-data
http://academic.oup.com/neuro-oncology/article-lookup/doi/10.1093/neuonc/noz009#supplementary-data
http://academic.oup.com/neuro-oncology/article-lookup/doi/10.1093/neuonc/noz009#supplementary-data
http://academic.oup.com/neuro-oncology/article-lookup/doi/10.1093/neuonc/noz009#supplementary-data


455Eckel-Passow et al. Estimating glioma risk and predicting subtypes
N

eu
ro-

O
n

colog
y

Ta
bl

e 
2 

As
so

ci
at

io
n 

of
 g

lio
m

a 
ris

k 
SN

Ps
 w

ith
 g

lio
m

a 
m

ol
ec

ul
ar

 g
ro

up
s

C
at

eg
o

ry
S

N
P

C
yt

o
b

an
d

G
en

e(
s)

M
o

le
cu

la
r 

G
ro

u
p

2
O

R
L9

5
U

95
M

o
le

cu
la

r 
G

ro
u

p
 P

-v
al

u
e

O
ve

ra
ll 

F-
st

at
is

ti
c 

P
-v

al
u

e

A
ll 

g
lio

m
as

rs
78

37
82

22
17

p
13

.1
T

P
53

T
E

R
T

 m
u

ta
ti

o
n

 o
n

ly
3.

31
1.

61
6.

81
0.

00
11

77
0.

00
13

71

T
E

R
T

 &
 ID

H
 m

u
ta

ti
o

n
8.

40
2.

79
25

.2
5

0.
00

01
51

 

ID
H

 m
u

ta
ti

o
n

 o
n

ly
3.

92
1.

69
9.

11
0.

00
14

64
 

Tr
ip

le
-p

o
si

ti
ve

3.
17

1.
33

7.
51

0.
00

89
25

 

ID
H

 m
u

ta
n

t g
lio

m
as

rs
12

07
63

73
1q

44
A

K
T

3
ID

H
 m

u
ta

ti
o

n
 o

n
ly

0.
64

0.
45

0.
91

0.
01

19
97

0.
00

96
62

Tr
ip

le
-p

o
si

ti
ve

0.
64

0.
44

0.
92

0.
01

55
42

 

rs
75

72
26

3
2q

33
.3

n
ea

r 
ID

H
1

ID
H

 m
u

ta
ti

o
n

 o
n

ly
0.

63
0.

47
0.

84
0.

00
19

97
0.

00
42

41

Tr
ip

le
-p

o
si

ti
ve

0.
60

0.
44

0.
82

0.
00

12
18

 

rs
11

70
68

32
3p

14
.1

LR
IG

1
ID

H
 m

u
ta

ti
o

n
 o

n
ly

1.
39

1.
10

1.
76

0.
00

55
23

0.
03

46
59

Tr
ip

le
-p

o
si

ti
ve

1.
34

1.
06

1.
70

0.
01

39
14

 

rs
55

70
58

57
8q

24
.2

1
C

C
D

C
26

T
E

R
T

 &
 ID

H
 m

u
ta

ti
o

n
4.

61
2.

31
9.

19
0.

00
00

14
2.

18
E

-1
7

ID
H

 m
u

ta
ti

o
n

 o
n

ly
3.

44
2.

29
5.

18
2.

89
E

-0
9

 

Tr
ip

le
-p

o
si

ti
ve

5.
30

3.
57

7.
88

1.
56

E
-1

6
 

rs
71

07
78

5
11

q
21

M
A

M
L2

ID
H

 m
u

ta
ti

o
n

 o
n

ly
0.

73
0.

58
0.

92
0.

00
88

2
0.

00
77

95

Tr
ip

le
-p

o
si

ti
ve

0.
72

0.
57

0.
91

0.
00

57
93

 

rs
64

80
44

11
q

23
.2

Z
B

T
B

16
ID

H
 m

u
ta

ti
o

n
 o

n
ly

0.
70

0.
55

0.
88

0.
00

29
29

0.
00

05
29

Tr
ip

le
-p

o
si

ti
ve

0.
64

0.
51

0.
82

0.
00

03
77

 

rs
12

80
33

21
11

q
23

.3
P

H
LD

B
1

T
E

R
T

 &
 ID

H
 m

u
ta

ti
o

n
0.

55
0.

31
0.

96
0.

03
41

61
0.

02
04

42

ID
H

 m
u

ta
ti

o
n

 o
n

ly
0.

71
0.

55
0.

92
0.

00
89

31
 

rs
77

63
39

00
15

q
24

.2
E

T
FA

ID
H

 m
u

ta
ti

o
n

 o
n

ly
1.

59
1.

08
2.

34
0.

01
80

98
0.

01
43

47

Tr
ip

le
-p

o
si

ti
ve

1.
97

1.
36

2.
85

0.
00

03
03

 

T
E

R
T

-m
u

ta
n

t g
lio

m
as

rs
63

45
37

9p
21

.3
C

D
K

N
2A

, C
D

K
N

2B
T

E
R

T
 m

u
ta

ti
o

n
 o

n
ly

1.
42

1.
19

1.
70

0.
00

01
32

0.
00

37
54

rs
11

59
97

75
10

q
25

.2
V

T
I1

A
T

E
R

T
 m

u
ta

ti
o

n
 o

n
ly

0.
78

0.
64

0.
94

0.
01

09
53

0.
01

44
32

rs
22

97
44

0
20

q
13

.3
3

R
T

E
L1

T
E

R
T

 m
u

ta
ti

o
n

 o
n

ly
1.

73
1.

35
2.

22
0.

00
00

12
0.

00
09

69

O
th

er
rs

10
06

96
90

5p
15

.3
3

T
E

R
T

Tr
ip

le
-n

eg
at

iv
e

1.
57

1.
10

2.
24

0.
01

21
1

1.
26

E
-0

8

T
E

R
T

 m
u

ta
ti

o
n

 o
n

ly
1.

94
1.

59
2.

38
1.

00
E

-1
0

 

ID
H

 m
u

ta
ti

o
n

 o
n

ly
1.

47
1.

13
1.

93
0.

00
43

83
 

rs
75

06
13

58
7p

11
.2

n
ea

r 
EG

FR
T

E
R

T
 m

u
ta

ti
o

n
 o

n
ly

1.
80

1.
30

2.
49

0.
00

04
02

0.
00

08
98

Tr
ip

le
-p

o
si

ti
ve

1.
72

1.
15

2.
57

0.
00

88
51

 

M
ul

tin
om

ia
l l

og
is

tic
 re

gr
es

si
on

 w
as

 p
er

fo
rm

ed
 fo

r e
ac

h 
SN

P 
se

pa
ra

te
ly

; a
ll 

m
od

el
s 

w
er

e 
ad

ju
st

ed
 fo

r a
ge

, s
ex

 a
nd

 s
ite

 (M
ay

o,
 U

CS
F)

. S
N

Ps
 w

ith
 a

n 
ov

er
al

l m
ul

tin
om

ia
l F

-s
ta

tis
tic

 P
-v

al
ue

 <
 0

.0
5 

ar
e 

sh
ow

n;
 P

-v
al

ue
 <

 0
.0

02
 is

 in
 b

ol
d 

fo
nt

. O
R 

de
no

te
s 

od
ds

 ra
tio

, L
95

 d
en

ot
es

 lo
w

er
 9

5%
 c

on
fid

en
ce

 in
te

rv
al

, a
nd

 U
95

 d
en

ot
es

 u
pp

er
 9

5%
 c

on
fid

en
ce

 in
te

rv
al

. T
he

 re
su

lts
 fo

r a
ll 

25
 S

N
Ps

 a
nd

 a
ll 

m
ol

ec
ul

ar
 g

ro
up

s 
ar

e 
pr

ov
id

ed
 in

 S
up

pl
em

en
ta

ry
 T

ab
le

 2
.

  

D
ow

nloaded from
 https://academ

ic.oup.com
/neuro-oncology/article/21/4/451/5280678 by guest on 23 April 2024

http://academic.oup.com/neuro-oncology/article-lookup/doi/10.1093/neuonc/noz009#supplementary-data


 456 Eckel-Passow et al. Estimating glioma risk and predicting subtypes

c-index associated with predicting IDH mutation status was 
0.85 (95% CI: 0.82–0.88) in the UCSF cases (Supplementary 
Table 5). The model slightly overestimated the probability 
of being IDH mutant in the UCSF cases (Supplementary 
Fig. 1).

Similar analyses were performed predicting GBM versus 
non-GBM; the results are available in the Supplementary 
Materials.

Discussion

Polygenic risk models have been reported in several 
cancers, including breast, ovarian, prostate, and chronic 

lymphocytic leukemia.27,31–35 In glioma it has been shown 
that when GWAS analyses were performed by molecular 
subtype, SNPs with large and potentially clinically rel-
evant effect sizes were identified.15 Additionally, perform-
ing GWAS by molecular subtype may provide clues as to 
how gliomas develop. We evaluated the 25 known glioma 
risk variants and showed that the TP53 germline variant 
is involved in the development of all gliomas. Variants in 
or near AKT3, IDH1, LRIG1, CCDC26, MAML2, ZBTB16, 
PHLDB1, and ETFA were associated with the develop-
ment of IDH mutant glioma. And germline variants in or 
near CDKN2A/B, VTI1A, and RTEL1 facilitate the devel-
opment of IDH wild-type glioma. Similar associations by 
glioma subtype were recently reported, further validating 
the results.23 Thus, we hypothesized that the inclusion of 
germline SNPs with age at diagnosis and sex might be 
useful for predicting risk of glioma and risk of specific 
glioma subtypes. Using 25 SNPs that have been shown 
to be associated with glioma risk, as well as age at diag-
nosis and sex, we developed models to estimate risk of 
glioma. Interestingly, in comparison to 5% of the controls, 
42% and 38% of the Mayo IDH mutated 1p/19q non-code-
leted glioma and IDH mutated 1p/19q codeleted glioma, 
respectively, had a risk score in the 95th–100th percentile 
of the risk score distribution. Thus, patients in the high-
est 5th percentile of risk score had more than a 14-fold 
increased risk of developing an IDH mutated glioma. This 
equates to an increased lifetime absolute risk from 0.12% 
in the general population to 2.3% (IDH mutated 1p/19q 
non-codeleted glioma) or 1.7% (IDH mutated 1p/19q code-
leted glioma) for patients in the highest 5th percentile of 
risk score.

Molecular markers have been shown to be associ-
ated with prognosis in adult diffuse glioma and thus 
were recently incorporated into the 2016 WHO classifica-
tion schema.2–9 Currently, molecular characterization is 
typically determined from surgical specimens. Because 
information regarding patient prognosis, tumor aggres-
siveness, and treatment response can inform personalized 
treatment, recent efforts have focused on using images to 
classify gliomas into clinically relevant molecular groups 
prior to surgery.36–40 Here, we evaluated the effectiveness 
of using the known 25 glioma risk SNPs to classify gliomas 
into clinically relevant groups. Specifically, we developed a 
model to predict IDH mutation status that had a validation 
c-index of 0.85.

In developing polygenic risk models it is important to 
determine how such models could be implemented in 
clinical practice to improve patient care. It was recently 
suggested that there are 3 applications of polygenic risk 
models: disease screening, therapeutic intervention, and 
life planning.41 Because of the low absolute lifetime risk of 
glioma, population-level screening would result in numer-
ous false positives and thus is not being suggested.14 
However, we hypothesize that risk models could help with 
characterizing suspicious brain lesions. Since character-
ization of suspected malignant brain tumors remains a 
challenge, even with improved imaging capabilities, a 
polygenic risk model could provide a quantitative measure 
of the likelihood of glioma that may help with interpreta-
tion of an MRI. Potential examples where these risk scores 
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Fig. 1  Estimated glioma risk score from the multinomial logistic 
regression model that molecularly classified patients: estimated risk 
scores of being (A) IDH wild-type, (B) IDH mutant 1p/19q non-code-
leted, and (C) IDH mutant 1p/19q codeleted. The model was devel-
oped using Mayo Clinic glioma cases and controls and validated 
using UCSF glioma cases and controls.

modalities, such as MRI, we hypothesize that the glioma 
subtype model could be used for therapeutic interven-
tion.41 That is, to determine tumor aggressiveness (eg, IDH 
mutation status) prior to surgery in order to inform per-
sonalized treatment. Recent efforts have focused on using 
images to classify gliomas into clinically relevant molecu-
lar groups prior to surgery36–40; the glioma subtype model 
is a simple and inexpensive blood test that could also be 
utilized. Before utilizing polygenic models for therapeutic 
intervention, future work would need to evaluate the pre-
dictive accuracy of these models both along, as well as in 
combination, with radiology-based models.

There are some limitations with this study. Small num-
bers of subjects in some of the molecular subtypes may 
have limited the ability to detect associations with cer-
tain SNPs. Furthermore, for the reasons described below, 
the risk models discussed herein all require additional 
external validation, particularly within clinically or radio-
graphically defined groups. Because there are limited 
GWAS data available on patients who also have tumor 
molecular data, some of the patients analyzed were 
included in previous glioma GWAS, as discussed in the 
Methods section: 28% of the Mayo cases and 33% of the 
UCSF cases were also analyzed previously,17 which may 
increase the associations over what might be observed 
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might be useful in clinical settings are assisting in differ-
entiating contrast enhancing lesions. For example, dif-
ferentiating high-grade glioma versus lymphoma versus 
demyelination, and indeterminate non-enhancing lesions 
for which glioma is necessarily in the differential diagno-
sis. The clinical findings and radiological appearance of 
central nervous system (CNS) lymphoma can be indistin-
guishable from high-grade glioma and current research 
is aimed at improving diagnostic accuracy to differentiate 
these tumors.42,43 Similarly, tumefactive demyelinating 
lesions can sometimes appear very similar to high-grade 
glioma or CNS lymphoma.44–47 Misdiagnosing a tumefac-
tive demyelinating lesion as a brain tumor could result 
in the inappropriate use of radiation therapy, resulting in 
significant consequences.45 Lucchinetti et al44 analyzed 168 
patients with biopsy-confirmed tumefactive demyelinating 
disease and reported that 31% were initially misdiagnosed 
and determined to not have tumefactive demyelinat-
ing disease; astrocytoma was the misdiagnosis in 39% of 
these cases. Thus, if appropriately clinically validated, the 
glioma risk model—which requires only a simple and inex-
pensive blood test—might be implemented as an ancillary 
measure to help define a difficult diagnosis.

While we hypothesize that the glioma risk model could 
be used to help interpret current disease screening 

modalities, such as MRI, we hypothesize that the glioma 
subtype model could be used for therapeutic interven-
tion.41 That is, to determine tumor aggressiveness (eg, IDH 
mutation status) prior to surgery in order to inform per-
sonalized treatment. Recent efforts have focused on using 
images to classify gliomas into clinically relevant molecu-
lar groups prior to surgery36–40; the glioma subtype model 
is a simple and inexpensive blood test that could also be 
utilized. Before utilizing polygenic models for therapeutic 
intervention, future work would need to evaluate the pre-
dictive accuracy of these models both along, as well as in 
combination, with radiology-based models.

There are some limitations with this study. Small num-
bers of subjects in some of the molecular subtypes may 
have limited the ability to detect associations with cer-
tain SNPs. Furthermore, for the reasons described below, 
the risk models discussed herein all require additional 
external validation, particularly within clinically or radio-
graphically defined groups. Because there are limited 
GWAS data available on patients who also have tumor 
molecular data, some of the patients analyzed were 
included in previous glioma GWAS, as discussed in the 
Methods section: 28% of the Mayo cases and 33% of the 
UCSF cases were also analyzed previously,17 which may 
increase the associations over what might be observed 
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in a completely independent training set. Additionally, 
because 15 of the 25 SNPs were imputed using data 
from a custom Illumina OncoArray (Supplementary Table 
1), a custom clinical assay that directly genotypes all 25 
SNPs will be needed and is currently in development. 
We acknowledge that epistasis is important, but signifi-
cant SNP-SNP interactions have yet to be identified and 
thus were not interrogated in the risk models. While we 
did not include these interactions in our models, future 
work should include analyzing large cohorts that are 
adequately powered to evaluate interactions in predict-
ing glioma risk.48 There are likely additional variables 
that should be considered in the risk models such as 
Karnofsky performance score, history of seizure, family 
history of brain cancer, etc. However, these variables are 
often difficult to capture accurately. For example, while 
family history could be helpful, patients often have a dif-
ficult time differentiating gliomas from brain metastases 
or other primary brain tumors.

The discovery of germline risk SNPs for glioma has altered 
our concepts of how these tumors arise and opened new 
avenues for etiologic research; however, they have not 
yet altered neuro-oncology practice. Using 25 SNPs, patient 
age, and sex, we developed risk models to estimate relative 
and lifetime absolute risk and subtype models to predict 
glioma subtypes. We propose that these models could be 
useful for disease screening, therapeutic intervention, and 
life planning. This could impact neurologic, neurosurgical, 
and neuro-oncologic patient management, potentially influ-
encing optimal long-term outcomes for diffuse adult glioma 
patients.

Supplementary Material

Supplementary data are available at Neuro-Oncology 
online.
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