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MRI in combination with genomic markers are critical in the management of gliomas.

Radiomics and radiogenomics analysis facilitate the quantitative assessment of tumor

properties which can be used to model both molecular subtype and predict disease

progression. In this work, we report on the Drosophila gene capicua (CIC) mutation

biomarker effects alongside radiomics features on the predictive ability of CIC mutation

status in lower-grade gliomas (LGG). Genomic data of lower grade glioma (LGG) patients

from The Cancer Genome Atlas (TCGA) (n = 509) and corresponding MR images

from TCIA (n = 120) were utilized. Following tumor segmentation, radiomics features

were extracted from T1, T2, T2 Flair, and T1 contrast enhanced (CE) images. Lasso

feature reduction was used to obtain the most important MR image features and then

logistic regression used to predict CIC mutation status. In our study, CIC mutation rarely

occurred in Astrocytoma but has a high probability of occurrence in Oligodendroglioma.

The presence of CIC mutation was found to be associated with better survival of

glioma patients (p < 1e−4, HR: 0.2445), even with co-occurrence of IDH mutation

and 1p/19q co-deletion (p = 0.0362, HR: 0.3674). An eleven-feature model achieved

glioma prediction accuracy of 94.2% (95% CI, 94.03–94.38%), a six-feature model

achieved oligodendroglioma prediction accuracy of 92.3% (95% CI, 91.70–92.92%).

MR imaging and its derived image of gliomas with CIC mutation appears more complex

and non-uniform but are associated with lower malignancy. Our study identified CIC as

a potential prognostic factor in glioma which has close associations with survival. MRI

radiomic features could predict CIC mutation, and reflect less malignant manifestations

such as milder necrosis and larger tumor volume in MRI and its derived images that could

help clinical judgment.
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INTRODUCTION

Glioma is the most common primary tumor in the adult central nervous system (CNS). High-grade
gliomas (grade IV) have poor median survival [∼14 months (1)] compared with grade II and
III (2). In 2016, the World Health Organization (3) updated its glioma classification scheme to
incorporate genomic information including IDH (Isocitrate dehydrogenase) mutation and 1p/19q
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FIGURE 6 | Cluster map of correlation between image features. (A) Cluster map of correlation of 6,676 image features. (B) Cluster map of correlation of 11 features

used in glioma CIC mutation prediction model. (C) Cluster map of correlation of six features used in oligodendroglioma CIC mutation prediction model. (D) Cluster

map of correlation between 15 image features from (B) and (C).
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TABLE 4 | Eleven features used to predict CIC mutation in gliomas.

No. Features Importancea P-valueb

1 T2-wavelet-LHL_glszm_SizeZoneNonUniformityNormalized 2011.95 <10e-4

2 T1post-wavelet-LHH_ngtdm_Busyness 1842.85 0.0047

3 T1post-square_gldm_GrayLevelNonUniformity 1505.67 0.1402

4 FLAIR-wavelet-HLH_firstorder_Median 1046.31 0.0162

5 T2-square_glszm_LargeAreaLowGrayLevelEmphasis 1029.85 0.2475

6 T1pre-lbp-3D-m1_glcm_Correlation 935.72 0.0006

7 FLAIR-logarithm_ngtdm_Strength 758.25 0.5041

8 T1pre-wavelet-LLH_glszm_LargeAreaLowGrayLevelEmphasis 407.44 0.4334

9 T1post-lbp-2D_glcm_Imc2 −374.89 0.0013

10 T1pre-exponential_glszm_HighGrayLevelZoneEmphasis 270.67 0.0313

11 T1pre-lbp-3D-m1_gldm_DependenceNonUniformityNormalized 203.2 0.0009

a Importance, Sum of coefficients of features in 1,000 prediction models.
bP-value: Mann-Whitney U-test p-value.

had CIC mutation but the proportion of CIC mutations in
FUBP1 wild-type patients was only 16.78%, the probability of
CIC mutation in FUBP1 mutant samples is significantly greater
than that of FUBP1 wild-type samples (p < 1e−4). Among the
patients with CIC mutation, 93.1% had IDH mutation combined
with 1p/19q co-deletion. 68.35% patients with IDH mutation
combined with 1p/19q co-deletion had CIC mutation, but 2.28%
other patients had CIC mutations. Patients with IDH mutation
combined with 1p/19q co-deletion had a significantly higher
probability of having CIC mutations than other samples (p <

1e−4) (Figure 4B, Table S3).

Associations Between Overall Survival and
CIC Mutation
In genomic dataset, IDH mutation patients have longer overall
survival (OS) than IDHwild-type patients (p< 1e−4,Median OS
(days): 2,907 vs. 648) (Figure 5A), CIC mutation patients have
longer OS than CIC wild-type patients (p < 1e−4, Median OS
(days): 4,445 vs. 1,933) (Figure 5B), 1p/19q codeletion patients
have longer OS than 1p/19q intact patients (p = 1e−4, Median
OS (days): 4,084 vs. 2,000) (Figure 5C, Table 2). Patients with
IDH mutation combined CIC mutation have longer OS than
those with IDH mutation only (p = 0.035, Median OS (days):
4,084 vs. 2,660) (Figure 5D), and there is also no significant
difference between 1p/19q co-deletion patients with and without
CIC mutation in our study (p = 0.3) (Figure 5E). Multivariate
cox analysis including age, gender, grade, histological type, IDH
mutation, 1p/19q codeletion and CIC mutation showed that
IDH mutation and CIC mutation are both associated with better
prognosis (p < 1e−4, HR = 0.3173; p < 1e−4, HR = 0.2445),
and 1p/19q codeletion is not an independent prognostic factor (p
= 0.3246, HR = 0.3322). Patients with IDH mutation combined
1p/19q codeletion don’t have significant differences in OS with
those with IDH mutation only (p = 0.1646, Median OS: 4,084
vs. 2,660) (Table 2). In log-rank test, CIC mutation doesn’t show
a significant association with OS in oligodendroglioma (p =
0.2992) (Figure 5F), but the multivariate cox analysis shows CIC
mutation improves survival (p= 0.0362, HR= 0.3674) (Table 3).

Image Feature Extraction and CIC
Mutation Prediction
A total of 1,669 features were extracted from each image
(Table S1) and a total of 6,676 imaging features from T1W,
T1CE, T2W, and FLAIR for each patient. The cluster map of
the correlation of 6,676 features shows that there is collinearity
between these features, but the collinearity is not very strong.
Features can be clustered into some modules, but the size of
modules are relatively small (Figure 6A). There is only one large
module in the top-left (Figure 6A), but none of features in this
module were selected to build the model.

For the prediction of CIC mutation in glioma, a total of 11
features were selected via Lasso regularization to build a logistic
regression model (Table 4). The cluster map of the correlation
of 11 features shows that the collinearity between features is
weak (Figure 6B). Themean accuracy of the 1,000 repetition data
split was 94.2% (95%CI, 94.03–94.38%), significantly higher than
the no-information rate (81.7%). The mean AUC of the ROC
curve was 0.985 (95% CI, 0.9841–0.9857) (Figure 7). The optimal
cutoff value (0.0606) of the ROC curve exhibited a sensitivity,
specificity, and accuracy of 94.83, 93.94, and 94.10%, respectively.
The mean AUC of the Precision Recall (PR) curve is 0.923 (95%
CI, 0.9183–0.9275). The optimal cutoff value (0.8485) of the
PR curve exhibited sensitivity, precision, and accuracy of 84.85,
89.51, and 95.4%, respectively.

For the prediction of CIC mutation in Oligodendroglioma, a
total of six features from 35 Oligodendroglioma patients were
selected via Lasso regularization to build a logistic regression
model (Table 5). The cluster map of the correlation of six
features shows that the collinearity between features is weak
(Figure 6C). There are two features that overlap with the 11
features set above. The cluster map of the correlation of 15
features shows that the collinearity between features is weak
except T2-square_glszm_LargeAreaLowGrayLevelEmphasis and
T2-square_gldm_GrayLevelNonUniformity (Figure 6D). The
mean accuracy of the 1,000 repetition data split was 92.3% (95%
CI, 91.70–92.92%), significantly higher than the no-information
rate (62.9%). The mean AUC of the ROC curve is 0.967 (95% CI,
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FIGURE 7 | CIC mutation has a potential diagnosis value in glioma. (A) Receiver operating characteristic (ROC) curve of glioma CIC mutation prediction model.

(B) Precision-recall (PR) curve of glioma CIC mutation prediction model. (C) Receiver operating characteristic (ROC) curve of oligodendroglioma CIC mutation

prediction model. (D) Precision-recall (PR) curve of oligodendroglioma CIC mutation prediction model. The optimal cutoff value in ROC curve is the point (red dot) that

has the smallest distance to (0,1), or (1,1) in PR curve.

0.9643–0.9687) (Figure 7). The optimal cutoff value (0.1010) of
the ROC curve exhibited a sensitivity, specificity, and accuracy
of 94.26, 89.90, and 92.64%, respectively. The mean AUC of the
PR curve is 0.9705 (95% CI, 0.9684–0.9726). The optimal cutoff
value (0.9596) of the PR curve exhibited sensitivity, precision,
and accuracy of 95.96, 93.51, and 93.27%, respectively.

Image Feature Analysis
Among the 11 features of the logistic regression model
of CIC mutation prediction in gliomas, seven features
were found significant (Mann-Whitney U-test, alpha
= 0.05). To help illustrate some of these imaging
characteristics, we extracted 2D image slices that maximize

or minimize the top 3 selected features (Figure 8). T2-
wavelet-LHL_glszm_SizeZoneNonUniformityNormalized,
T1post-wavelet-LHH_ngtdm_Busyness, and FLAIR-wavelet-
HLH_firstorder_Median are the top 3 significant features.
Among the six features of the logistic regression model
of CIC mutation prediction in Oligodendrogliomas
(Table S4, Figure 9), three features were found to
be significant (Mann-Whitney U-test, alpha = 0.05).
T1post-wavelet-LHH_ngtdm_Busyness and T1pre-lbp-3D-
m1_gldm_DependenceNonUniformityNormalized were the top
2 significant features. Images corresponding to the highest and
lowest probability of CIC mutation (based on logistic regression)
were selected (Figure 10).
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TABLE 5 | Six features used to predict CIC mutation in oligodendrogliomas.

No. Features Importancea P-valueb

1 T1pre-lbp-3D-m2_glszm_SmallAreaLowGrayLevelEmphasis 2022.39 0.2209

2 T1post-wavelet-LHH_ngtdm_Busyness 1527.58 0.0047

3 T2-square_gldm_GrayLevelNonUniformity 1140.3 0.2108

4 T1pre-lbp-3D-m1_gldm_DependenceNonUniformityNormalized 696.76 0.0009

5 T1pre-gradient_firstorder_Minimum −694.92 0.6766

6 FLAIR-gradient_firstorder_Kurtosis 81.75 0.0096

a Importance, Sum of coefficients of features in 1,000 prediction models.
bP-value, Mann-Whitney U-test p-value.

FIGURE 8 | The appearance of the MR image corresponding to the top 3 radiomic features in glioma. The region encircled in red represents the lesion boundary.

(A) Images corresponding to the maximum and minimum of T2-wavelet-LHL_glszm_SizeZoneNonUniformityNormalized. (B) First column images are the Wavelet

images corresponding to the maximum and minimum value of T1post-wavelet_LHH_ngtdm_Busyness, second column images are original images of wavelet images.

(C) Images corresponding to the maximum and minimum value of FLAIR-wavelet-HLH_firstorder_Median.
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FIGURE 9 | The appearance of the MR image corresponds to top 2 radiomics features in Oligodendroglioma. The region encircled in red represents the legion

boundary. (A) wavelet images and corresponding original images of the maximum and minimum value of T1post-wavelet_LHH_ngtdm_Busyness. (B) LBP images

and corresponding original images of the maximum and minimum value of T1pre-lbp-3D-m1_gldm_DependenceNonUniformityNormalized. LBP image only included

mask region in PyRadiomics (35).

DISCUSSION

In our study, we utilized TCGA and TCIA to explore the potential
to predict genomics based on MR images. We found that CIC
mutation has excellent diagnostic value in LGG, and that CIC
mutation is mutually exclusive with glioblastoma (Figure 3),
so we excluded the TCGA GBM cohort from further study.
CIC mutation mainly occurs in IDH mutation and 1p/19q co-
deletion patients and is mutually exclusive with IDHwild-type or
1p/19q intact patients (Figure 4). CICmutation is also associated
with clinical characteristics as described in (Table 1). We can
speculate IDHmutation, 1p/19q codeletion, and histological type
information from CIC mutation status. Grade 2 patients and
elder patients aremore likely to have CICmutation. Interestingly,
patients without clinical symptoms (headache, visual changes,
sensory changes) have higher probability of having CIC
mutation. This is probably seen because CIC mutations occur
primarily in grade 2 gliomas and oligodendrogliomas. These
grades of gliomas have a lower degree of malignancy, slower
disease progression, and clinical symptoms occur later and are
not obvious, leading to patients being diagnosed at an older age.

In our study, CIC mutation is present in 65.9% of 1p/19q
codeletion patients, but rarely in 1p/19q intact patients (2.3%).
In order to find out whether the significant correlation between
CIC mutations and OS comes from the 1p/19q codeletion, we
performed multivariate cox regression analysis. In the result
of multivariate cox regression analysis, which included IDH
mutation, 1p/19q codeletion, CIC mutation, age, gender, grade,
and histological type, CIC mutation is significant (p < 1e−4),
but 1p/19q codeletion is not significant (p = 0.3246) (Table 2).
We also found that CIC mutation in IDH mutation patients
is associated with a better prognosis (p = 0.0287, HR =
0.4178), but there is no significant difference between 1p/19q
codeletion and prognosis (p = 0.7011) (Table 2). In addition,
in oligodendroglioma (IDH mutation and 1p/19q codeletion)
patients, CIC mutation is associated with a better prognosis
(p = 0.0362). It was reported that almost every glioma with
a CIC or FUBP1 mutation exhibited an IDH gene mutation
(13). Thus, we also analyzed FUBP1 status in our study. There
are 50 FUBP1 mutation patients, almost all FUBP1 patients
exhibited an IDH mutation, and most FUBP1 mutation patients
combined CIC mutation. But not all CIC mutation patients have
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FIGURE 10 | MRI of model-based CIC mutation prediction patients. Image with the (A) high probability of being CIC mutation and (B) low probability of being CIC

mutation. The region inside the red line represents glioma region.

FUBP1 mutation. We did multivariate cox analysis including
FUBP1 mutation and found no significant association between
FUBP1mutation and survival (p= 0.2959) (Table S4). Therefore,
CIC mutation was an independent good prognostic factor in
our study.

As reported, gliomas with different genotypes have
different MRI appearances (43–46). In our study we
focused on 11 extracted radiomics features. The top
2 of these 11 radiomic features were T2-wavelet-LHL
_glszm_SizeZoneNonUniformityNormalized (SZNN) and
T1post-wavelet-LHH_ngtdm_Busyness (Busyness). Both
features are extracted from wavelet transform images which
reflect fine details of the original images. SZNN measures the
variability of size zone volumes throughout the image, with
a lower value indicating more homogeneity among zone size
volumes in the image (35). Busyness is a measure of the change

from a pixel to its neighbor. A high Busyness indicates rapid
changes in intensity (35). In other words, both Busyness and
SZNN are measures of image heterogeneity and non-uniformity.
SZNN minimal value corresponding image is flat but the tumor
region appears as obvious protruding ridges and depressed
trenches in the maximum value (Figure 8).

CIC mutation mainly occurs in Oligodendroglioma but not
all. To identify the difference between Oligodendrogliomas
with and without CIC mutations, six features were selected
after the Lasso process. Top 2 features are T1post-wavelet-
LHH_ngtdm_Busyness (Busyness) and T1pre-lbp-3D-
m1_gldm_ DependenceNonUniformityNormalized (DNN).
DNN measures the similarity of dependence defined as the
number of connected voxels within distance δ that are dependent
on the center voxel, a lower value indicating more homogeneity
among dependencies in the image (35) (Figure 9). The DNN
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max value corresponding image is extremely complex and
heterogeneous but the tumor region appears smaller and
simpler in the minimum value. From the images, we find
that the appearance of Oligodendrogliomas with or without
CIC mutation are similar, not as obvious as the difference
between all types of gliomas with or without CIC mutation.
Both Oligodendrogliomas with or without CIC mutation are
heterogeneous and non-uniform. But according to the meaning
of image features, we still speculate that Oligodendroglioma with
CIC mutation still appears more heterogeneous and complex.

As discussed above, CIC mutation suggests a better prognosis
in patients with IDHmutation and 1p/19q codeletion. Therefore,
we concluded that patients with CIC mutation have the best
prognosis and longest survival. In our study, most CIC mutation
gliomas have a relatively larger tumor region, more obvious
mass effect, greater non-uniformity, heterogeneity, and scattered
areas of intratumorally necrosis with or without corresponding
areas of contrast enhancement. The special appearance may be
due to the low malignancy of glioma with CIC mutation. The
relatively weak proliferative, invasive and migration ability leads
to CICmutation gliomas growing slowly, resulting in not obvious
clinical symptoms and larger tumor volume. This is consistent
with published results that show CIC mutation is more likely
to occur in patients of older age, grade 2 glioma, and without
clinical symptoms. The cause for scattered areas of weak contrast
enhancementmay be that the tumor is lessmalignant, resulting in
slow tumor growth, less ischemia and hypoxia, and less damage
to the blood brain barrier (BBB) which prevents media from
leaking through the BBB. On the other hand, gliomas which
have a small tumor region but severe necrosis, obvious contrast
enhancement, and obvious peritumoral edema (reflects rapid
growth) which indicated strong invasion and severe BBB damage
have a lower probability of CIC mutation.

Although radiomic features perform well, there are some
limitations to our study analysis. First, all data is from public
datasets (TCGA and TCIA), which displays large variance in
quality of images that may influence predictive analysis. Second,
data was imbalanced because of the low incidence of CIC
mutation. Third, only structural MRIs were included. Functional
and diffusion-weighted MR images are an area of interest that

could be included in similar analysis in future work. Lastly, in
this study, all images were obtained from one cohort (TCIA).
Future work could benefit from using a second independent
cohort for testing, which would provide a better measure of
model generalizability / reliability.

In conclusion, our results support CIC mutation status
as a valuable diagnostic and prognostic biomarker of lower-
grade glioma. We showed that CIC mutation could be
accurately predicted by MRI radiomic features. MRI of CIC
mutation gliomas were found to display visually less malignant
manifestations, such as milder necrosis and larger tumor volume.
Radiomics plays an important role in the accurate diagnosis
and personalized treatment of gliomas. The exploration of its
association with medical imaging appearance and its clinical
application are worth further efforts.
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