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ABSTRACT Wepropose a novel class of multimodal image features based on the joint intensity matrix (JIM)
tomodel fine-grained texture signatures in the radiomic analysis of lower grade glioma (LGG) tumors. Exper-
iments use expanded JIM features to predict the genetic status and the survival outcome of LGG patients with
preoperative T1-weighted, T1-weighted post-contrast, fluid attenuation inversion recovery (FLAIR), and
T2-weighted MR images from The Cancer Imaging Archive (n=107). Texture features were extracted from
regions of interest labeled by a radiation oncologist and summarized by 19 parameters. These parameters are
then used to contrast mutant and wild gene type groups (i.e., IDH1, ATRX, TP53, and 1p/19q codeletion)
via the Wilcoxon test, and to compare short and long survival patient groups with the Kaplan-Meier
estimator. Random forest (RF) classification is employed to predict gene status (i.e., mutation or wild)
and survival outcome (i.e., short or long survival), as well as to identify highly group-informative features.
A subset of JIM features show statistically significant relationships with LGG gene status (i.e., in IDH1 and
ATRX, with corrected p < 0.05) and survival outcome (p=0.0001, HR=0.09, CI=0.03-0.3). A maximum
classification AUC of 78.59% was obtained for predicting IDH1 status from combined JIM and GLCM
features. Classification combining all features (i.e., volume, JIM, and GLCM) results in an AUC value
of 86.79% (corrected p=0.04) in predicting short and long LGG patient survival outcomes, where JIM
features are generally the most informative predictors.

INDEX TERMS IDH1, radiomics, LGG, survival.

I. INTRODUCTION
Gliomas form the most common type of primary brain tumor
in adults, accounting for 30% of all central nervous system
tumors and about 80% of all malignant brain tumors [1], [2].
According to the World Health Organization (WHO 2016),
gliomas can be classified from their molecular parameters
in addition to histological properties into four grades (I, II,
III or IV), grade I corresponding to non-invasive tumors,
grade II/III to low/intermediate-grade gliomas, and grade IV
to aggressive malignant tumors called glioblastoma multi-
forme (GBM) [3]. Combined grade II and III tumors are
often referred to as lower-grade gliomas (LGG) [4]. LGGs
typically occur in the cerebral hemispheres of young adults
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(between 20 and 50 years of age) and often evolve into more
aggressive tumors like GBMs. Even with treatment including
surgical resection and radiation therapy, the long-term out-
come for this type of tumor remains poor [5].

Over the years, various studies have investigated the rela-
tionship between the genotype of LGG tumor cells and out-
come. These studies have identified several genes associated
with the development of gliomas, for example, the isocitrate
dehydrogenase (IDH) gene [6]. It was shown that patients
with the IDH1 mutation have a better prognosis compared
to the patients with wild-type [7]. Since the ratio of patients
with the IDH1 mutation is much greater for LGG than GBM
(i.e., 70% compared to 10%), this mutation is considered a
good genetic biomarker to predict the survival outcome of
glioma patients [8], [9]. Moreover, LGG patients with chro-
mosome 1p/19q co-deletion typically exhibit a longer overall
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survival and a better response to chemotherapy compared
to those with non-co-deleted counterparts [10]. TP53 muta-
tion has also been associated with shorter survival in LGG
patients [11]. Although genetic markers have proven useful
for prognosis in patients with gliomas, their use in prac-
tice is impeded by important drawbacks. Thus, they require
an invasive procedure to acquire physical samples from the
tumor. The prognostic value of such genetic markers is
also affected by the cellular heterogeneity occurring within
(intra-tumor heterogeneity) and between (inter-tumor hetero-
geneity) tumors [12].

Image analysis techniques using MRI, CT or PET scans
have recently emerged as a non-invasive alternative to derive
prognostic biomarkers, detection and diagnosis for brain
cancer [13]–[16]. Multiparametric MRI (e.g., T1-weighted,
T2-weighted, post contrast T1 weighted, FLAIR, etc is
widely used to identify brain tumors and monitor treatment
response. Recent studies have also demonstrated the useful-
ness of image features encoding tumor shape and texture to
quantify the phenotype of GBM tumors [17]–[21] and predict
the survival outcome of GBM patients [22], [23]. In the case
of low-grade tumors, the work in [4] showed that features
extracted from the smooth non-enhancing margin of tumors
could help detect molecular aberrations like IDH1 mutation
and 1p/19q codeletion, or predict the histological grade and
progression of these tumors.

Most image-based techniques for automated prognosis in
brain tumor patients employ a radiomic analysis in which a
wide range of features are computed from segmented tumor
regions and used as input to a classifier. Radiomic analy-
sis approaches typically consider available image modali-
ties independently while extracting features and, therefore,
do not make full use of information encoding relationships
between these modalities. In [21], Li et al. proposed to learn
image features from multi-sequence MRI data using a deep
convolutional neural network (CNN), for the prediction of
IDH1 mutations in LGG patients. Although CNNs enable
the joint analysis of multiple image modalities, they typically
require large training sets which are not available for survival
prediction.

Recently, we have proposed multimodal radiomic features
based on joint intensity matrices (JIMs) to predict the survival
outcome of GBM patients [24]. JIMs extend the well-known
grey-level co-occurrence matrix (GLCM) textures in single
images by considering the relationship between intensity
values across multi-parametric images. While our previous
study showed JIMs to provide a more accurate prediction of
GBM survival than single-modality radiomic features, this
study also had limitations which required further investiga-
tion. First, the link between radiomic features, computed from
different modalities, and gene mutations was not explored.
Unlike GBM tumors, for which genomic markers like gene
alterations are poorly predictive of survival, LGG patients
with different gene status exhibit significantly different sur-
vival profiles. Additionally, in our previous study, spatial
information was not fully exploited when computing texture

features across diverse image modalities. Thus, we only con-
sidered the joint distribution of intensities in spatially-aligned
voxels. In this work, we hypothesize that spatial relationship
(i.e., relative position of voxels) encodes valuable information
on tumor texture inside an image, but also across images of
different modalities. This modification is also essential for
this work on LGG, where regions of interest (ROIs) may not
have corresponding voxels in different modalities.

The contributions of this work are as follows:
• We extend the JIMmodel of [24] to consider the relative
position of voxels in multi-modal images. This alleviates
the problem of non-corresponding ROI voxels across
modalities, and allows capturing spatial information in
multi-modal textures;

• While JIMs have been used to predict survival in GBM
patients, this study is the first to evaluate their usefulness
for lower grade gliomas (LGG) tumors;

• The current study proposes a comprehensive analysis,
based on a cohort of 107 TCIA subjects, evaluating the
discriminative power of JIMs to predict LGG patient
survival, as well as to predict the gene status of these
patients.

The rest of this paper is organized as follows. Section II
describes the data used in this study as well as the proposed
radiomic analysis pipeline. We then present the experimental
setup and results in Section III and discuss our main findings
in Sections IV.

FIGURE 1. Proposed workflow. (1) Multimodal MR scans. (2) Slice-by-slice
labeling of tumors (green mask). (3) Extraction and encoding of
multimodal grey-level co-occurrence matrix (GLCM) and 3D-JIM features.
(4) Statistical analyses (radiogenomics), based on Wilcoxon tests,
log-rank tests and random forest classifiers, to identify relevant features
for predicting the gene status and survival outcome of LGG patients.

II. MATERIALS AND METHODS
Figure 1 shows the workflow employed in this study. Four
MRI sequences, i.e. T1-weighted (T1W), contrast-enhanced
T1-weighted (T1CE), T2-weighted (T2W), and Fluid Attenu-
ation Inversion Recovery (FLAIR) images, are first acquired
for LGG patients. Tumor regions of interest (ROI) are then
labeled manually in each scan. Afterwards, a 64×64 grey
levels matrix is extracted automatically from each ROI and
encoded using 19 standard quantifier functions. Various anal-
yses are conducted to assess the usefulness of these fea-
tures to predict gene status and outcome. In a first analysis,
a Wilcoxon rank sum test is used to compare features in LGG
patients grouped based on gene status (i.e., mutation vs wild).
We then consider these features to train a random forest (RF)
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model for the prediction of gene status. This model is also
employed to identify features with high predictive value for
discriminating between mutant and wild types of four genes
(i.e., IDH1, ATRX, 1p/19q codeletion and TP53) relevant
to LGG.

For the survival analysis, we applied a log-rank test and
Kaplan-Meier estimator to find features leading to signifi-
cantly different survival curves when grouping patients based
on the features’ median value. Similarly, we employed a RF
model to classify LGG patients into groups corresponding to
short survival (i.e., below the median survival time) and long
survival (i.e., above or equal to the median survival time).
The statistical significance of resulting patient groupings was
measured using the log-rank test and Kaplan-Meier estima-
tor. All image manipulations, matrix calculations, signifi-
cance tests and classifications were performed in MATLAB
R2018b (Math Works Inc., Natick, MA, USA).

A. PATIENTS AND DATA
A total of 199 grade II and III glioma cases were ret-
rospectively reviewed from The Cancer Imaging Archive
(TCIA) [25], a publicly-available medical image repos-
itory. All cases have been previously de-identified by
TCGA/TCIA, and corresponding datasets, clinical and rel-
evant gene information are available for public download
in the TCGA-LGG database. Moreover, variant annotation
was taken from the publicly available TCGA whole exome
sequencing (WES [26]) dataset (http://www.cbioportal.org/)
downloaded on July 2017. Hence, no institutional review
board or Health Insurance Portability and Accountability Act
(HIPAA) approval were required for our study. Available
information on the TCGA-LGG database is reported in [25],
including TCIA institutional identifier, patient information
(i.e., sex, age, weight), scanner information (i.e., manufac-
turer) and specific imaging volume information extracted
from the DICOM headers (i.e., modality name, slice thick-
ness, slice spacing, repetition time, echo time, inversion
time, imaging frequency, flip angle, specific absorption rate,
numbers of slices, pixel dimensions, etc. The TCGA-LGG
database consists in multisite data that were acquired by
potentially different MRI scanner models with different pixel
spacing and slice thickness. To overcome these differences,
all volume datasets were resampled to a common voxel reso-
lution of 256 × 256 ×v voxels (v is the slice number varying
from one tumor-patient to another) and normalized to the
[0, 1] range.

An oncologist with 25 years of experience reviewed axial
T1CE, T1W, FLAIR and T2W images of available patients,
in a blind fashion. Regions of interest (ROI) were delineated
using 3D Slicer 3.6 (http://www.slicer.org/), by rigidly align-
ing MRI scans of different modalities and then manually
labelling them slice by slice (e.g., Figure 1) in each of the four
MRI sequences. Due to the complexity to find whole ROI,
and to avoid the different acquisition parameters (e.g. sam-
pling resolution) that make the registration between modali-
ties prone to errors, LGG tumor labels were only obtained for

TABLE 1. Characteristics of study population.

a subset of 107 patients. From these cases, respectively 104,
105, 107 and 86 patients underwent T1W, T1CE, T2W and
FLAIR scans. Additional characteristics of these patients are
summarized in Table 1.

B. MULTIMODAL RADIOMIC FEATURE EXTRACTION
The proposed joint intensity matrix (JIM) features generalize
the well-known grey-level co-occurrence matrices (GLCM)
texture features to multiple image modalities [24], [27]–[29].
Given an intensity image with segmented ROI, GLCMs esti-
mate the joint probability of observing a pair of intensity
values in twoROI voxels whose relative position is defined by
a distance d and angles (φ, θ ). Specifically, GLCM is defined
as a two-dimensional (2D) histogram of grey levels for a pair
of voxels, which are separated by a fixed spatial relationship,
specified in terms of distance and direction. In JIMs, the same
strategy is used to compute the joint intensity distribution
between 3D images of different modalities. Let I1 and I2 be
two imagemodalities with segmented 3D tumor regionR, and
denote as i and j intensity values from the set {1, . . . ,N }. The
JIM matrix corresponding to distance d and angle θ can be
obtained as

Jd,φ,θ (i, j)

=

∑
x∈R

{
1, if I1 (x) = i and I2

(
Td,φ,θ (x)

)
= j

0, otherwise
(1)

Here, Td,φ,θ (x) corresponds to the voxel located at distance
d and angles φ, θ from x. Typically, values used for the
displacement d comprise an offset of one to six pixels in
thirteen possible directions represented by angles (φ, θ ), each
ranging from 0◦ to 135◦ in 45◦ increments. Thus, JIMs are
2D matrices computed over 3D images. To obtain probability
distributions, JIM matrices are then unit normalized:

Ĵd,φ,θ (i, j) =
Jd,φ,θ (i, j)∑N
i,j=1 Jd,φ,θ (i, j)

(2)

In this study, we considered N = 64 grey levels, giving
JIM matrices of size N 2

= 4096. Compared to the model
presented in [24], which only considered the joint distribution
of intensities in spatially-aligned voxels, the JIM features
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used in this work compare the intensity of a voxel in a specific
3D image with that of all voxels in the same ROI of different
modality images. In addition to encoding spatial information
in multi-modal textures, this modification is also necessary
for cases where segmented ROIs are not aligned in different
modalities.

FIGURE 2. Example of GLCM and JIM co-occurrence matrices computed
from segmented ROIs in FLAIR, T2W, T1CE and T1W images. GLCM
features are based on a single MRI sequence (FLAIR, T2W, T1CE and T1W)
while JIM is obtained from multi-parametric MRI data consisting of
FLAIR-T2W and T1CE-T1W modalities.

We note that GLCMs can be seen as a special case of
JIMs for which the same image is used for I1 and I2. Thus,
JIM features extend GLCM by considering cross-modality
dependencies between voxel intensities, in addition to their
spatial relationship. Figure 2 shows an example of JIM and
GLCMmatrices computed from the segmented FLAIR-T2W
and T1CE- T1W images of a patient. As shown, JIMs encode
information that is complementary to GLCMs. To convert the
2D JIMmatrices into feature vectors, we applied a set of stan-
dard quantifier functions [30]–[33]. In this study, we consid-
ered the average of the 19 functions (angular second moment,
contrast, correlation, sum of squares variance, homogeneity,
sum average, sum variance, sum entropy, entropy, differ-
ence variance, difference entropy, information correlation1,
information correlation2, autocorrelation, dissimilarity, clus-
ter shade, cluster prominence, maximum probability and
inverse difference), which are presented in Table 1 of the
Supplementary Materials. These functions measure various
textural characteristics related to heterogeneity, which have
been linked to tumor progression and outcome [23], [28].
Using this encoding, each tumor ROI is thus represented by a
set of 190 features derived from 4 GLCMs (i.e., T1CE, T1W,
FLAIR, T2W) and 6 JIMs (i.e., T1CE-T1W, T1CE-FLAIR,
T1CE-T2W, T1W-FLAIR, T1W-T2W, FLAIR-T2W).

C. STATISTICAL ANALYSIS
Several analyses were performed to identify relevant features
for the prediction of gene status and survival outcome. The
Wilcoxon rank sum test was first used to compare the distribu-
tion of feature values across gene status types (i.e., mutation
of four relevant genes: ATRX, IDH1, 1p19q-codeletion and
TP53). For the survival analysis, we grouped the patients
using the median of each feature into two groups: first group
with feature value less than the median (cut-off), and sec-
ond group with feature value above or equal to the median.

We then applied the Kaplan-Meier estimator to derive the sur-
vival functions of these groups by considering their time-to-
event (i.e., number of days from scan until death or last visit)
distribution [34]. The log-rank test was employed to compare
the resulting survival functions and determine whether their
difference is statistically significant. To account for multi-
ple comparisons (19 quantifiers functions × 10 GLCM/JIM
co-occurrence matrices = 190 tests), p-values obtained in
these analyses were corrected using the Holm-Bonferroni
procedure [35]. We considered each of features statistical sig-
nificance at p< 0.05 following Holm-Bonferroni correction.

In another analysis, we used the same features as input
to a random forest (RF) classifier with 1000 random trees
for predicting the status (i.e., mutant vs. wild type) of IDH1,
ATRX, 1p19q codeletion and TP53 genes, and for predicting
the survival of LGG patients. As in most survival analysis
studies, we considered the latter task as a binary classifi-
cation problem, using the median survival time of uncen-
sored patients (i.e., 460 days ≈ 15.33 months) to define two
classes corresponding to short-term and long-term survival.
Considering the median as separation threshold has the
advantage of giving even-sized classes, which reduces size-
related bias. Many classifier models could be used for the
prediction. We considered the RF model because it limits
overfitting (when the number of training samples is low) by
using a bagging strategy which reduces errors due to sample
variance, and can also be used to inspect the importance of
features in the classification [36].

A 10-fold cross-validation was applied to obtain unbi-
ased estimates of performance, in which training images are
divided into 10 even-sized subsets and, in each fold, one
subset is put aside for testing and the remaining 9 are used
to train the classifier. Performance metrics is reported by
computing the average area under the ROC curve (AUC)
obtained from 10 folds. Since the RF model cannot be used
directly on censored data (i.e., patients with no death event),
we performed an imputation strategy where censored patients
are given the average survival outcome of uncensored sub-
jects with a time-to-death greater or equal to their own time
of last visit. Other imputation strategies could also have been
considered for this purpose [37]. To validate our prediction
model and avoid the bias created by the imputation strategy,
we applied the Kaplan-Meier estimator with log-rank test to
compare the short-term and long-term survival that predicted
by the RF model.

To compare the ability of models to predict gene status
and survival outcome, we calculated significance using the
chi-square test as previously described in [38]. Moreover, for
identifying features with high predictive value, we measured
the increase in RF error resulting from the permutation of fea-
ture values across out-of-bag observations. Importance value
of features were computed for every RF tree and averaged
over the entire ensemble. These values were then normal-
ized by dividing them by the ensemble’s standard deviation.
Finally, the importance of each feature was obtained by aver-
aging these normalized values across the 10 folds. A positive
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value indicates that the feature is predictive, whereas negative
values suggest that the feature has no predictive value.

III. EXPERIMENTAL RESULTS
We start by reporting results related to the prediction of gene
status, and the present results obtained in the analysis of
survival outcome.

FIGURE 3. (Top) Heatmap of Wilcoxon test p-values (negative log10 scale)
comparing the distribution of GLCM and JIM features in LGG patients with
mutant or wild types for the IDH1, ATRX, 1p/19q codeletion and
TP53 genes. Significant features (i.e., corrected p < 0.05) are indicated
with a black-green circle. (Bottom) The area under the ROC curve (average
AUC on 10 folds) obtained by the RF classifier with GLCM or JIM features,
for predicting the gene status of LGG patients.

A. GENE STATUS ANALYSIS
Figure 3 shows the heatmap of p-values (in negative
log10 scale) obtained by the Wilcoxon test comparing the
feature value distributions of patients with mutant or wild-
type for the IDH1, ATRX, 1p/19q codeletion and TP53 genes.

For all the studied genes, we observe various features exhibit-
ing high difference between mutant and wild types. However,
only two features are significant with corrected p < 0.05:
JIMT1C-T2F sum of square variance for the IDH1 gene, and
JIMT1W-T2F information correlation2 for ATRX. Compar-
ing genes, we see that GLCM and proposed JIM features
have the highest differences for the IDH1 gene, in particular
features extracted from T1CE images.

In the multivariate prediction analysis based on the RF
classifier, for all genes, we obtained the highest aver-
age AUC (p<0.05) values using JIM features: 76.90%
for IDH1 using JIMT1CE-FLAIR, 68.50% for ATRX
using JIMT1W-FLAIR, 65.20% for 1p/19q codeletion using
JIMFLAIR-T2W, and 70.05% for TP53 using JIMT1W-
FLAIR. Notably, comparison of AUC obtained from GLCMs
and JIMs reached significance in a chi-square test (p=0.05;
Supplementary Figure 1). Themodality combinations leading
to the highest prediction score for each gene are consistent
with results of the Wilcoxon test. For example, in the case
of IDH1, the feature with greatest Wilcoxon test significance
was also observed for the T1CE-FLAIR JIM combination
(sum of square variance).Moreover, considering together fea-
tures derived from GLCMs and JIMs improves performance
by 1% to 6%, the largest improvement observed for ATRX.

FIGURE 4. Importance of individual features for predicting the status
(i.e., mutant or wild-type) of IDH1, ATRX, 1p/19q codeletion and
TP53 genes using the RF classifier. Reported values correspond to the
average increase in prediction error obtained by permuting the values of
individual features across out-of-bag observations [36]. Positive and
negative values correspond respectively to predictive and non-predictive
features.

The importance of individual features for predicting gene
status, as measured by the RF classifier, is shown in Figure 4.
Once again, we observe various GLCMand JIM features with
predictive value (i.e., importance score> 0). Several of these
features (e.g., the sum of squares variance in IDH1 and infor-
mation correlation 2 in ATRX) were previously found to be
significant in the Wilcoxon analysis (Figure 3). Inconsisten-
cies between the Wilcoxon significance and RF importance
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FIGURE 5. (A) Heatmap of log-rank test p-values (negative log10 scale)
comparing the survival function of patients divided by the median value
of each feature. Significant features (i.e., corrected p < 0.05) are indicated
with a black-green circle. (B) Kaplan-Meier survival curves obtained for
the only significant feature: JIMT2F-T2W cluster prominence. MF refers to
the median feature value. (C) The area under the ROC curves (average
AUC on 10 folds) obtained by the RF classifier using GLCM and JIM
features, for predicting patients with below-median or above-median
survival. (D) Kaplan-Meier curves of LGG patients that significantly
partitioned by RF classifier model using the following modality
combinations: T1C-FLAIR and T1W-FLAIR. Red curves correspond to the
long survival group and black curves to the short survival group.

could be explained by the randomness of feature selection in
RF, where discriminative features can be ignored in favor of
more predictive ones.

B. SURVIVAL ANALYSIS
Figure 5A gives the heatmap of log-rank test p-values (in neg-
ative log10 scale) for groups of patients divided by the

median value of features. In this analysis, a single feature
appears to be statistically significant after p-value correc-
tion: cluster prominence derived from the JIMT2F-T2W.
The Kaplan-Meier curves corresponding to this feature are
depicted in Figure 5B. It can be seen that LGG patients
with below-median value have a lower survival rate with
a hazard ratio (HR) of 0.09 and a confidence interval (CI)
of 0.03-0.3. Accordingly, these patients have a greater median
survival of 15.70 months compared to 15.33 months for
patients with above-median value. The prediction accuracy
of the RF classifier using GLCM or JIM features as input is
provided in Figure 5C. Overall, JIMT1C-T2W and JIMT2F-
T2W features lead to the best prediction with an average AUC
of 72.70% and 72.15%, respectively. These results support
the findings of the univariate analysis in Figure 5A.

To further validate these results, we applied the Kaplan-
Meier estimator and log-rank test on the partition obtained
by the RF classifier (Figure 5D). We find that patient groups
obtained using JIMT1C-T2F and JIMT1W-T2F features have
significantly different survival profiles, with corrected log-
rank p< 0.05 (Table 2). Conversely, GLCM features and JIM
features derived from T1C-T1W, T1C-T2W, T1W-T2W and
T2F-T2W modality combinations are not significant.

TABLE 2. Summary of log-rank and Kaplan-Meier analysis for two
predicted groups (short and long survival time) of LGG patients using
random forest classifier model.

To evaluate the complementarity of JIMs to standard
GLCMs and features encoding tumor volume, Figure 6
reports the prediction performance obtained with different
combinations of these features. Combining GLCM and JIM
features (i.e., a total of 19×10=190 features per patient),
we get an improved average AUC of 83.42% (Figure 6A).
Adding tumor volume to GLCM and JIM features further
increases average AUC to 86.79%. In contrast, using tumor
volume by itself leads to a poor prediction, with an average
AUC of 46.01%. Notably, comparison of AUC obtained from
volume, GLCMs and JIMs reached significance in a chi-
square test (p=0.05; Supplementary Figure 2).

Moreover, Kaplan-Meier curves of patient groups pre-
dicted by the RF model are given in Figure 6B. Groupings
corresponding to GLCM+JIM or GLCM+JIM+Volume
combinations show significantly different survival profiles
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FIGURE 6. (A) ROC curve (average AUC on 10 folds) for the prediction of
short (i.e., below-median) versus long (i.e., above-median) survival
patients using volume, combined GLCM and JIM features (i.e.,
GLCM+JIM), or all features (i.e., GLCM+JIM+Volume). (B1, B2, B3)
Kaplan-Meier curves of the predicted short (black curve) and long (red
curve) survival groups. (C) Importance of individual features for
predicting the survival group with the RF classifier. Positive/negative
values correspond to predictive/ non-predictive features.

with log-rank p < 0.05. Following previous results, using
tumor volume alone gives patient groupings with no statis-
tically significant differences. Inspecting the importance of
individual features in a RF classifier trained with combined
features, we see that the most predictive features are from
JIMT1C-T2W (i.e., cluster shape and cluster prominence).

IV. DISCUSSION
Radiomic analysis has recently emerged as a powerful tech-
nique for quantifying the intrinsic heterogeneity, genetic
characteristics and other phenotypes of tumors [39], [40].

Several studies have also demonstrated the link between
radiomic features and both clinical outcomes and gene-
expression levels [4], [22], [23], [41]–[43]. In this work,
we proposed using radiomic features, based on the joint distri-
bution of intensities across fourMRI sequences, to predict the
gene status and survival outcome of LGGpatients. Our results
showed that proposed JIM features can help determine the
mutant or wild-type status of relevant genes for LGG. Thus,
we obtained average AUC values of 78.59% (IDH1), 74.51%
(ATRX), 71.59% (TP53), and 66.89% (1p/19q codeletion),
when combining JIMs with GLCM features, compared to
highest values of 73.20%, 67.66%, 60.46% and 64.67% using
single-modality GLCMs (Figure 3).

These results are comparable with those of recent stud-
ies employing imaging data to predict gene status in LGG
[4], [21], [44] and GBM [45] tumors. For instance, Zhou et al.
reported an AUC (632+ bootstrap technique) of 79% using
texture features and random forest classifiers for predicting
IDH1 mutation in 165 TCGA subjects with grade II or III
gliomas. Prediction accuracy was increased to 86% when
adding Visually Accessible Rembrandt Images (VASARI)
annotations and clinical variables to texture features as input.
In [21], a model based on convolutional neural networks
(CNN) and Fisher vectors is proposed to predict IDH1
mutation in 151 low-grade patients of a private dataset.
Authors report an AUC of 92.1% using single-modality data
(T2 FLAIR) and an AUC of 95.2% with multi-modal data
(T1 contrast and T2 FLAIR), compared to 85.7% when
employing 671 radiomic features encoding tumor texture,
shape and location [44]. However, these values were obtained
on a highly-unbalanced dataset using only grade II patients.
Our results also compare to those presented in [46], where an
average AUC of 76.3% was obtained using 431 radiomic fea-
tures for predicting TP53 status in 272 patients with primary
grade II or III gliomas. Differences between our results and
those reported in the literature for predicting gene status with
imaging features could be due to several additional factors,
including the number of samples, the quality of images and
the tuning of classifier models.

The proposed analysis also demonstrated the advantage
of multimodal JIM features over conventional GLCMs
for predicting the survival outcome of LGG patients.
JIM features based on T1C-FLAIR and T1W-FLAIR modal-
ity combinations were found to have significantly differ-
ent distributions in patients with short versus long survival,
and shown to be highly predictive of survival (Figure 5).
Additionally, our analysis found JIM features to provide
information that is complementary to conventional GLCMs
and to improve prediction when combined with these fea-
tures (Figure 6). These results are consistent with recent
studies confirming the association between imaging fea-
tures and LGG survival. For instance, the study in [47]
showed that features derived from diffusion-weighted and
perfusion-weighted images have prognostic value. Likewise,
Zhou et al. [4] found radiomic features derived from mul-
tiparametric MRI images to be predictive of progression

75982 VOLUME 7, 2019



A. Chaddad et al.: Predicting the Gene Status and Survival Outcome of Lower Grade Glioma Patients With Multimodal MRI Features

in LGG patients. Unlike the features used in these studies,
our JIM features can encode relationships between multiple
modalities.

The proposed features measure intensity heterogeneity
inside and across images of different modalities. We hypothe-
size that this heterogeneity is linked with histological patterns
within LGG tumors that are indicative of progression and
overall survival. However, explaining why certain features
(e.g., JIMT1C-T2F sum of square variance and JIMT1W-T2F
information correlation2) aremore predictive than others for a
specific task is challenging. Increasing scan resolution could
alleviate this problem by bridging the gap between the scale
of image textures and the microstructure of tumor tissues.

Although promising, this study has some limitations that
merit discussion. First, it is based on data that was retrospec-
tively collected from the TCIA database. While the number
of subjects (i.e., n=107) is relatively low, the primary goal of
the study was to evaluate the performance of JIM features for
gene status and survival prediction of LGG patients. Nonethe-
less, evaluating these features on an external dataset could
help prospectively validate our findings. Second, images
were collected from multiple sites, each one using different
acquisition parameters. For instance, the slice thicknesses
of scans used in our study varied from 1.5 to 5 mm. Since
acquisition parameters may affect texture, future work could
consider data from a single site with a common slice thick-
ness. Moreover, extending our proposed model to consider
additional imaging modalities like diffusion-weighted imag-
ing (DWI) or dynamic contrast-enhanced (DCE) sequences
could further enhance performance. Furthermore, as in other
radiomics approaches, our analysis is based on handcrafted
features that encode textural characteristics of tumor regions.
Learning discriminative features directly from the data, for
instance using convolutional neural networks, could poten-
tially improve the prediction of gene status and survival
outcome.

V. CONCLUSION
This study presented novel radiomic features, derived from an
extended version of joint intensity matrices (JIMs), that com-
pute the joint probability of intensity values across multipara-
metric MRI images. We investigated the usefulness of these
features for comparing and predicting the gene status (IDH1,
ATRX, TP53 and 1p/19q codeletion) and survival outcome
of LGG patients. Results demonstrate the advantages over
standard GLCM features of our extension of JIMs, and sug-
gest that the proposed features could be used as biomarkers
for predicting IDH1 and ATRX gene status in LGG tumors,
as well as the survival outcome of LGG patients.
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