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Title: Residual Convolutional Neural Network for Determination of IDH Status in Low-
and High-grade Gliomas from MR Imaging

Abstract

Purpose: Isocitrate dehydrogenase (IDH) mutations in glioma patients confer longer survival
and may guide treatment decision-making. We aimed to predict the IDH status of gliomas from
MR imaging by applying a residual convolutional neural network to pre-operative radiographic
data.

Experimental Design: Preoperative imaging was acquired for 201 patients from the Hospital of
University of Pennsylvania (HUP), 157 patients from Brigham and Women’s Hospital (BWH),
and 138 patients from The Cancer Imaging Archive (TCIA) and divided into training, validation,
and testing sets. We trained a residual convolutional neural network for each MR sequence
(FLAIR, T2, T1 pre-contrast, and T1 post-contrast) and built a predictive model from the outputs.
To increase the size of training set and prevent overfitting, we augmented the training set images
by introducing random rotations, translations, flips, shearing, and zooming.

Results: With our neural network model, we achieved IDH prediction accuracies of 82.8%
(AUC = 0.90), 83.0% (AUC = 0.93), and 85.7% (AUC = 0.94) within training, validation, and
testing sets, respectively. When age at diagnosis was incorporated into the model, the training,
validation, and testing accuracies increased to 87.3% (AUC = 0.93), 87.6% (AUC = 0.95), and
89.1% (AUC = 0.95), respectively.

Conclusion: We developed a deep learning technique to non-invasively predict IDH genotype in
grade I1-1V glioma using conventional MR imaging using a multi-institutional dataset.

Statement of Significance: Our model may have the potential to serve as a noninvasive tool that
complements direct tissue sampling, guiding patient management at an earlier stage of disease
and in follow-up.
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Translational Relevance: Deep learning algorithms can be trained to recognize patterns directly
from imaging. In our study, we use a residual convolutional neural network to non-invasively
predict IDH status from MR imaging. IDH status is of clinical importance as patients with IDH-
mutated tumors have longer overall survival than their IDH-wild-type counterparts. In addition,
knowledge of IDH status may guide surgical planning. By using a large, multi-institutional
patient dataset with a diversity of acquisition parameters, we show the potential of the approach
in clinical practice. Furthermore, this algorithm offers broad applicability by utilizing
conventional MR imaging sequences. Our model offers the potential to complement surgical
biopsy and histopathological analysis. More generally, our results (i) show that artificial
intelligence can robustly recognize genomic patterns within imaging, (ii) advance non-invasive
characterization of gliomas, and (iii) demonstrate the potential of algorithmic tools within the
clinic to aid clinical decision-making.
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Introduction

Gliomas are common infiltrative neoplasms of the central nervous system (CNS) that affect
patients of all ages. They are subdivided into four World Health Organization (WHO) grades (I-
IV) (1). More than half of all patients with lower-grade gliomas (WHO grades Il and 111, LGGSs)
will experience tumor recurrence eventually (2-4). For grade 11l gliomas, the five-year survival
rates are 27.3% to 52.2%, depending on subtype (5). For grade 1V gliomas, the five-year survival
rates are just 5% (5).

In 2008, the presence of IDH1mutations, specifically involving the amino acid arginine at
position 132, was demonstrated in in 12% of glioblastomas (6), with subsequent reports
observing IDH1 mutations in 50-80% of LGGs (7). In the wild-type form, the IDH gene product
converts isocitrate into o-ketoglutarate (8). When IDH is mutated, the conversion of isocitrate is
instead driven to 2-hydroxyglutarate, which inhibits downstream histone demethylases (9). The
presence of an IDH mutation carries important diagnostic and prognostic value. Gliomas with the
IDH1 mutation (or its homolog IDH2) carry a significantly increased overall survival than
IDH1/2 wild-type tumors, independent of histological grade (6,10-12). Conversely, most lower
grade gliomas with wild type IDH were molecularly and clinically similar to glioblastoma with
equally dismal survival outcomes (1). IDH wild-type grade Ill gliomas may in fact exhibit a
worse prognosis than IDH mutant grade 1V gliomas (10). Its critical role in determining
prognosis was emphasized with the inclusion of IDH mutation status as a classification
parameter used in the 2016 update of WHO diagnostic criteria for gliomas (13).

Pre-treatment identification of isocitrate dehydrogenase (IDH) status can help guide clinical
decision making. First, a priori knowledge of IDH1 status with radiographic suspicion of a low-
grade glioma may favor early intervention as opposed to observation as a management option.
Second, IDH mutant gliomas are driven by specific epigenetic alterations, making them
susceptible to therapeutic interventions (such as temozolomide) that are less effective against
IDH wild-type tumors (14,15). This is supported by in vitro experiments, which have found IDH-
mutated cancer cells to have increased radio- and chemo-sensitivity (16-18). Lastly, resection of
non-enhancing tumor volume, beyond gross total removal of the enhancing tumor volume, was
associated with a survival benefit in IDH1 mutant grade 111-1V gliomas but not in IDH1 wild-
type high-grade gliomas (19). Thus, early determination of IDH status may guide surgical
treatment plans, peri-operative counseling, and the choice of adjuvant management plans.

Non-invasive prediction of IDH status in gliomas is a challenging problem. A recent study by
Patel et al. using MR scans from the TCGA/TCIA low-grade glioma database demonstrated that
T2-FLAIR mismatch was a highly specific imaging biomarker for the IDH-mutant, 1p19q non-
deleted molecular subtype of gliomas (20). Other previous approaches toward prediction utilized
isolated advanced MR imaging sequences, such as relative cerebral blood volume, sodium,
spectroscopy, blood oxygen level-dependent, and perfusion (21-26). An alternative radiomics
approach has also been applied, which extracts radiographic features from conventional MRI
such as growth patterns as well as tumor margin and signal intensity characteristics. Radiomic
approaches rely on multi-step pipelines that include generation of numerous pre-engineered
features, selection of features, and application of traditional machine learning techniques (27).
Deep learning simplifies this pipeline by learning predictive features directly from the image.
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The algorithm accomplishes this by utilizing a back-propagation algorithm which recalibrates the
model’s internal parameters after each round of training. Recent studies have shown the potential
of deep learning in the assessment of medical records, diabetic retinopathy, and dermatological
lesions (28,29). Deep learning has shown promising capabilities in prediction of key molecular
markers in gliomas such as 1p19q codeletion and MGMT promoter methylation (30,31). We
hypothesize that a deep learning algorithm can achieve high accuracy in predicting IDH mutation
in gliomas. In this study, we trained a deep learning algorithm to non-invasively predict IDH
status within a multi-institutional dataset of low and high-grade gliomas.

Materials and Methods

Patient Cohorts

We retrospectively identified patients with histologically confirmed World Health Organization
grade 1l-1V gliomas with proven IDH status (after resection or biopsy) at the Hospital of the
University of Pennsylvania (HUP), the Brigham and Women’s Hospital (BWH), and The Cancer
Imaging Archive (TCIA). The study was conducted following approval by the HUP and
DanaFarber/Brigham and Women's Cancer Center (DF/BWCC) Institutional Review Boards.
MR imaging, clinical variables including patient demographics (i.e. age and sex), and genotyping
data were obtained from the medical record under a consented research protocol approved by the
DF/BWCC IRB. For the TCIA cohort, we identified glioma patients with preoperative MR
imaging data from TCGA and lvyGap (32). Under TCGA/TCIA data-use agreements, analysis of
this cohort was exempt from IRB approval. All patients identified met the following criteria: (i)
histopathologically confirmed primary grade 11-1V glioma according to current WHO criteria, (ii)
known IDH genotype, and (iii) available preoperative MR imaging consisting of pre-contrast
axial T1-weighted (T1 pre-contrast), post-contrast axial T1-weighted (T1 post-contrast), axial
T2-weighted fast spin echo (T2), and T2-weighted fluid attenuation inversion recovery (FLAIR)
images. The scan characteristics for the 3 patient cohorts are shown in Supplemental Figs. 2-4.
Patients whose genetic data were not confirmed per criteria (see “Tissue Diagnosis and
Genotyping” section below) were excluded. Our final patient cohort included 201 patients from
HUP, 157 patients from BWH, and 138 patients from TCIA.

Tissue Diagnosis and Genotyping

For the HUP cohort, IDH1I™**" mutant status was determined using either
immunohistochemistry (n = 93) or next-generation sequencing, performed by the Center for
Personalized Diagnostics at HUP on 108 tumors diagnosed after February 2013. For the BWH
cohort, IDH1/2 mutations were determined using immunohistochemistry, mass spectrometry-
based mutation genotyping (OncoMap) (33), or capture-based sequencing (OncoPanel) (34,35)
depending on the available genotyping technology at the time of diagnosis. OncoMap was
performed by Center for Advanced Molecular Diagnostics of the BWH and Oncopanel was
performed by Center for Cancer Genome Discovery of the Dana-Farber Cancer Institute. For
patients under the age of 50 in the HUP and BWH cohorts, only gliomas with the absence of
IDH1/2 mutation as determined by full sequencing assay were included in our analyses as IDH
wild-type as to minimize the possibility of false negatives. IDH-mutated gliomas were defined
by the presence of mutation as indicated by immunohistochemistry or sequencing on samples
provided to the pathology department at each institution at the time of surgery. IDH1- and IDH2-
mutated gliomas were collapsed into one category. For patients in the TCIA cohort, IDH1/2
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mutation data were downloaded from TCGA and IvyGap data portal (32).

Tumor Segmentation

For the HUP and TCIA cohorts, MR imaging for each patient was loaded into Matrix User v2.2
(University of Wisconsin, WI), and 3D regions-of-interest were manually drawn slice-by-slice in
the axial plane for the FLAIR image by a user (H.Z.) followed by manual editing by a
neuroradiologist (Q.S.). For the BWH cohort, tumor outlines were drawn with a user-driven,
manual active contour segmentation method with 3D Slicer software (v4.6) on the FLAIR image
(K.C.) and edited by an expert neuroradiologist (R.Y.H.) (36,37). The segmented contour was
then overlaid with source FLAIR, T2, T1 pre-contrast, and T1 post-contrast images.

Image Pre-Processing

All MR images were isotropically resampled to 1 mm with bicubic interpolation. T1 pre-contrast,
T2, and FLAIR images were then registered to T1 post-contrast using the similarity metric.
Resampling and registration was performed using MATLAB 2017a (Mathworks, MA). N4 bias
correction (Nipype Python package) was applied to remove any low frequency intensity non-
uniformity (38,39). Skull-stripping was then applied from the FSL library to isolate regions of
brain (40). Image intensities were normalized by subtracting the median intensity of normal brain
(non-tumor regions) and then dividing by the interquartile intensity of normal brain. To utilize
information from all 3 spatial dimensions, we extracted coronal, sagittal, and axial tumor slices
from each patient. Only slices with tumor were extracted. To extract a slice, a bounding rectangle
derived from the tumor segmentation was drawn around the tumor. This ensures that the entire
tumor area is captured as well as a portion of the tumor margin. Because every tumor is different
in size, all slices were resized to 142x142 voxels for input into our neural network.

Gliomas are heterogeneous 3D volumes with complex imaging characteristics across each
dimension. In our experiments, we choose to model this 3D heterogeneity by using 3
representative orthogonal slices, one each in the axial, coronal and sagittal planes. Together,
these 3 orthogonal slices represent a single "sample™ of the 3D tumor volume, and a total of three
such samples were chosen for each patient based on the following scheme: 1) the coronal slice
with the largest tumor area, the sagittal slice with the 75th percentile tumor area, and the axial
slice with the 50th percentile tumor area, 2) the coronal slice with the 50th percentile tumor area,
the sagittal slice with the largest tumor area, and the axial slice with the 75th percentile tumor
area, 3) the coronal slice with the 75th percentile tumor area, the sagittal slice with the 50th
percentile tumor area, and the axial slice with the largest tumor area. While each such sample
may be somewhat correlated to other samples of the same tumor, gliomas exhibit marked
heterogeneity and each additional set of orthogonal slices captures a marginal but significant
amount extra information about that particular tumor. After pre-processing, the total number of
patient samples was 603 for HUP, 414 for TCIA, and 471 for BWH. Image samples from the
same patient were kept together when randomizing into training, validation, and testing sets.
Another method of addressing overfitting is to augment the training data by introducing random
rotations, translations, shearing, zooming, and flipping (horizontal and vertical), generating “new”
training data (30). The augmentation technique allows us to further increase the size of our
training set. For every epoch, we augmented the training data before inputting it into the neural
network. Augmentation was only performed on the training set and not the validation or testing
sets. Data augmentation was performed in real time in order to minimize memory usage.
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Residual Neural Network

Convolutional neural networks are a type of neural network developed specifically to learn
hierarchical representations of imaging data. The input image is transformed through a series of
chained convolutional layers that result in an output vector of class probabilities. It is the
stacking of multiple convolutional layers with non-linear activation functions that allow a
network to learn complex features. Residual neural networks won the 2015 Large Scale Visual
Recognition Challenge by allowing effective training of substantially deeper networks than those
used previously while maintaining fast convergence times (41). This is accomplished via shortcut,
“residual” connections that do not increase the network’s computational complexity (41). Our
residual network was derived from a 34-layer residual network architecture (Fig. 1A) (41). As
with the original residual network architecture, batch normalization was used after every
convolutional layer (42). Batch normalization forces network activations to follow a unit
Gaussian distribution after each update, preventing internal covariate shift and overfitting (42).
The first two layers of the original residual network architecture, which sub-sample the input
images, were not used, as the size of our input (142x142) is smaller than that of the original
residual net input (224x224).

Implementation Details

Our implementation was based on the Keras package with the TensorFlow library as the backend.
During training, the probability of each patient sample belonging to the wild-type or mutant IDH
class was computed with a sigmoid classifier. We used the rectified liner unit activation function
in each layer. The weights of the network were optimized via a stochastic gradient descent
algorithm with a mini-batch size of 16. The objective function used was binary cross-entropy.
The learning rate was set to 0.0001 with a momentum coefficient of 0.9. The learning rate was
decayed to 0.25 of its value after 20 consecutive epochs without an improvement of the
validation loss. The learning rate was decayed 2 times (Training Phases A-C, Fig. 1B). At the end
of training phase A and B, the model was reverted back to the model with the lowest validation
loss up until that point in training. The final model was the one with the lowest validation loss at
any point during training. Biases were initialized randomly using the Glorot uniform initializer
(43). We ran our code on a graphics processing unit to exploit its computational speed. Our
algorithm was trained on a Tesla P100 graphics processing unit. Code for image pre-processing
as well as trained models utilizing the modality networks heuristic can be found here:
https://github.com/changken1/IDH_Prediction.

Training with Three Patient Cohorts

Each patient cohort (HUP, BWH, and TCIA) was randomly divided into training, validation, and
testing sets in an 8:1:1 ratio, balancing for mutation status and age. In our experiments training
with all three patient cohorts, we combined HUP, BWH, and TCIA training sets. Similarly, we
combined HUP, BWH, and TCIA validation sets as well as testing sets. The combined testing set
was not disclosed until the model was finalized.

We implemented three different training heuristics. In the first heuristic, we input all sequences
and dimensions into a single residual network with input size 12x142x142 (single combined
network heuristic, Fig. 2A). In the second heuristic, we trained a separate residual network for
each dimension (input size 4x142x142) and combined the sigmoid probabilities of each network
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with a logistic regression (dimensional networks heuristic, Fig. 2B). In the third heuristic, we
trained a separate network for each MRI sequence (input size 3x142x142) and combined the
sigmoid probabilities of each network with a logistic regression (sequence networks heuristic,
Fig. 2C).

Because IDH status is correlated with age (44), we compared the results of residual neural
networks with a logistic regression model based on age of patients in the training and validation
sets. We also implemented a logistic regression model combining the sigmoid probability output
of the residual neural networks and age.

Independent Testing

We also trained residual networks with two patient cohorts with the goal of seeing if the model
could predict IDH mutation status in the independent testing set without having been trained on
any patients in that set. In these experiments, we combined the training sets of two patient
cohorts. Similarly, we combined the validation sets and testing sets of two patient cohorts. The
remaining patient cohort was kept aside as an independent testing set. The testing and
independent testing sets were not disclosed until the final model was developed. The sequence
networks training heuristic was used for these experiments.

Evaluation of Models

The performance of models was evaluated by assessing the accuracy on training, validation, and
testing sets. In addition, sigmoid or logistic regression probabilities were used to calculate Area
Under Curve (AUC) of Receiver Operator Characteristic (ROC) analysis. Bootstrapping was
used to calculate the confidence intervals (CI) of the AUC values.

Results
Patient Characteristics

The median age of the HUP, BWH, and TCIA cohorts were 56, 47, and 52 years, respectively
(Table 1). The percentage of males was 56%, 57%, and 57%, respectively. The HUP cohort was
19% grade 11 (72% IDH-mutant), 34% grade 111 (59% IDH-mutant), and 46% grade 1V (3% IDH
mutant). The BWH cohort was 20% grade Il (100% IDH-mutant), 29% grade 111 (87% IDH-
mutant), and 51% grade 1V (26% IDH mutant). The TCIA cohort was 25% grade 1l (91% IDH-
mutant), 32% grade 11l (70% IDH-mutant), and 43% grade IV (12% IDH mutant). Collectively,
the HUP, BWH, and TCIA cohorts were 36%, 59%, and 50% IDH-mutant, respectively.

Optimization of Deep Learning Model

We first determine the optimal training heuristics for the full multi-center data set by comparing
three different heuristics (Fig. 3). A logistic regression model using age alone had an AUC of
0.88 on the Training set, 0.88 on the Validation set, and 0.89 on the Testing set (Table 2).

First, we constructed a single combined network model (Supplemental Fig.1A). After 157 epochs
training, the resulting model had an AUC of 0.93 on the Training set, 0.92 on the Validation set,
and 0.86 on the Testing set. When combined with age, the single combined network had
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improved performance with an AUC of 0.95 on the Training set, 0.95 on the Validation set, and
0.92 on the Testing set.

To demonstrate the individual predictive performance for different imaging dimensions, the
coronal, sagittal, and axial networks were trained for 92, 82, and 122 epochs, respectively
(Supplemental Fig.1B-D). The final model for the coronal, sagittal, and axial networks had
Testing set AUCs of 0.85, 0.86, and 0.87, respectively. When the dimensional networks were
combined, the AUC was 0.91 on the Training set, 0.93 on the Validation set, and 0.90 on the
Testing set. Performance was improved when dimensional networks were combined with age
with an AUC of 0.94 on the Training set, 0.94 on the Validation set, and 0.95 on the Testing set.

To demonstrate the individual predictive performance for different MRI sequences, the FLAIR,
T2, T1 pre-contrast, and T1 post-contrast networks were trained for 88, 75, 76, and 325 epochs,
respectively (Supplemental Fig.1E-H). The final model for the FLAIR, T2, T1 pre-contrast, and
T1 post-contrast networks had Testing set AUCs of 0.69, 0.73, 0.86, and 0.92, respectively.
When the sequence networks were combined, the AUC was 0.90 on the Training set, 0.93 on the
Validation set, and 0.94 on the Testing set. When sequence networks were combined with age the
AUC was 0.93 on the Training set, 0.95 on the Validation set, and 0.95 on the Testing set (Fig. 3).
Looking at predictive performance for the individual tumor grades, the AUC for the Validation
and Testing cohorts were 0.85 (n = 66), 0.91 (n = 81), and .94 (n = 153) for grades 2, 3, and 4,
respectively.

Overall, combining the sequence networks and age resulted in the highest performance in terms
of accuracy and AUC values in the validation and testing set. This approach was subsequently
applied to independent data set testing.

Training on Two Patient Cohorts and Independent Performance Testing on the Third Cohort

To examine the generalizability of our model, the sequence network training heuristic was
applied to training on two patient cohorts at a time. FLAIR, T2, T1 pre-contrast, and T1 post-
contrast residual networks were trained on the combined Training sets of HUP + TCIA, HUP +
BWH, and TCGA + BWH with data from the remaining site reserved for independent testing
(Supplemental Table 1). The average AUCs for combining sequence networks within the
Training, Validation, Testing, and Independent Testing Cohorts were 0.90 (95% CI 0.88-0.92),
0.89 (95% CI 0.84-0.94), 0.92 (95% CI 0.88-0.96), and 0.85 (95% CI 0.82-0.88), respectively.
When age was combined with sequence networks, the average AUCs were 0.94 (95% CI 0.92-
0.95), 0.95 (95% CI 0.91-0.98), 0.95 (95% CI 0.91-0.98), and 0.91 (95% CI 0.88-0.93)
respectively within the Training, Validation, Testing, and Independent Testing sets.
Comparatively, a logistic regression model utilizing age alone had an average AUC of 0.88, 0.88,
0.89, and 0.87 respectively within the Training, Validation, Testing, and Independent Testing sets.
The average accuracy, sensitivity, and specificity for combined model for age and sequence
networks on the independent Testing set was 82.1%, 79.1%, and 87.0%, respectively.

Discussion

In this study, we demonstrate the utility of deep learning to predict IDH mutation status in a large,
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multi-institutional dataset of gliomas as part of a larger effort to apply deep learning techniques
to the field of neuro-oncology. To our knowledge, this is the largest study to date on the
prediction of IDH status from conventional MR imaging and deep learning methods.
Furthermore, our algorithm has broad applicability by utilizing conventional MR performed at
different institutions, as advanced MR sequences or other modalities may not be part of the
standard imaging protocol. Pre-treatment identification of IDH status may be important in
clinical-decision making as it may guide patient management, choice of chemotherapy, and
surgical approach.

We did not include WHO grade information in our prediction model since this data would not
have been known a priori without pathological tissue after invasive biopsy or surgery. The goal
of our algorithm was to use conventional MR sequences to predict IDH mutation status before
surgery. Furthermore, we did not train separate networks for each tumor grade to reflect the pre-
operative clinical scenario, when the WHO grade remains unknown prior to acquisition of
pathological tissue from biopsy or surgery. Increasing research and the updated 2016 WHO
classification of CNS tumors further emphasize molecular phenotype as a critical determinant of
glioma behavior even before the assignment of histopathologic grade (13).

Previous studies have reported an association between radiographic appearance and IDH
genotype within gliomas. IDH wild-type grade Il gliomas are more likely to display an
infiltrative pattern on MRI, compared to the sharp tumor margins and homogenous signal
intensity characteristic of IDH mutant gliomas (45). Patel et al. found T2-FLAIR mismatch to be
a specific biomarker for IDH-mutant, 1p19q non-deleted gliomas (20). Hao et al. scored pre-
operative MRIs of 165 patients from the TCIA/TCGA according to the Visually Accessible
Rembrandt Images (VASARI) annotations and found that increased proportion of necrosis and
decreased lesion size were the features most predictive of an IDH mutation (46). However,
VASARI features overall achieved lower accuracy than texture features in this study. In another
study of 153 patients with glioblastoma using the VASARI features, Lasocki et al. found that if a
particular glioblastoma does not have a frontal lobe epicenter and has less than 33% non-
enhancing tumor, it can be predicted to be IDH1-wildtype with a high degree of confidence (47).
One significant limitation of this study is that only five glioblastoma patients had IDH1 mutation
(3.3%). Furthermore, Yamashita et al. found that mutant IDH1 glioblastoma patients had a lower
percentage of necrosis within enhancing tumor with the caveat that the study included only 11
IDH1 mutant tumors (48).

As such, various studies have used a radiomics approach to predict IDH status. Zhang et al. used
clinical and imaging features to predict IDH genotype in grade Ill and grade 1V gliomas with an
accuracy of 86% in the training cohort and 89% in the validation cohort (44). Hao et al. used
preoperative MRIs of 165 MRIs from the TCIA to predict IDH mutant status with an AUC value
of 0.86 (46). Similarly, Yu et al. used a radiomic approach to predict IDH mutations in grade |1
gliomas with an accuracy of 80% in the training cohort and 83% on the validation cohort (49).
Deep learning simplifies the multi-step pipeline utilized by radiomics by learning predictive
features directly from the image, allowing for greater reproducibility. In this study, we
demonstrate that accurate prediction can be achieved in a multi-institutional patient cohort of
both low- and high-grade gliomas without pre-engineered features.
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One challenge of training deep neural networks is the need for a large amount of training data.
We addressed this by artificially augmenting our imaging data, in real-time, before each training
epoch. This has the additional benefit of preventing overfitting, which is another common issue
when training networks. We also utilized batch normalization after each convolutional layer to
prevent overfitting, as with the original residual network architecture.

We implemented various training heuristics with training on three patient cohorts — namely a
single combined network, dimensional networks, and sequence networks. Under the dimensional
networks training heuristic, we trained a neural network for coronal, sagittal, and axial
dimensions which had similar testing set performance. These results suggest that all dimensions
have similar predictive value. Under the sequence networks training heuristic, we trained a
neural network for each MR sequence. Notably, T1 post-contrast images conferred a higher
predictive value compared to other MR sequences and appeared to drive the vast majority of the
accuracy of the combined sequence model with additional sequences contributing a smaller
incremental benefit. The only imaging-only models that outperformed the age-only logistic
regression model in terms of accuracy in the validation and testing set were the T1 post-contrast
network and a model combining sequence networks. Overall, a combination of sequence
networks and age offered the highest accuracy in the validation and testing sets.

When the sequence networks training heuristic was applied to training on two patient cohorts at a
time, similar results were observed when training on three patient cohorts. For training on HUP +
TCIA, HUP + BWH, and TCIA + BWH, combining sequence networks and age had a higher
AUC than a logistic regression using age only in the training, validation, testing, and
independent testing sets. However, the AUC of the combined sequence network and age model
within the independent testing set was lower than that of the testing set. The most likely reason
for this are the differences in scan parameters and in IDH mutation rate among the different
patient cohorts (Table 1; Supplemental Fig. 2-4). In the ideal scenario, all patient scans would be
collected with consistent acquisition parameters (field strength, resolution, slice thickness, echo
time, and repetition time), and IDH mutation rate would be the same. However, this would be
challenging in practice, as MR scanner models and acquisition parameters, as well as the
demographics of patient captured, vary widely from institution to institution. Our study
distinguishes itself from past studies in the field by using multi-institutional data and makes an
important first step towards achieving the goal of independent validation, which is necessary if
radiogenomic tools are to be used in a clinical setting.

There are several possible improvements to this study. First, the potential of advanced MR
sequences in the prediction of IDH genotype has been demonstrated in several studies (21-25).
We did not utilize such sequences, but future studies can combine advanced imaging modalities
with conventional MR imaging to test for possible enhancement of prediction performance.
However, addition of these advanced MR sequences is also a limitation in that these sequences
may not be available at every institution. Second, sufficient cohort size is a limiting factor in the
training of deep neural networks. Although we overcame this partially though data augmentation
and extracting multiple imaging samples from the same patient, it is likely a larger patient
population would further improve algorithm performance, especially given the heterogeneity in
image acquisition parameters. Third, the use of other techniques such as dropout, L1, and L2
regularization may improve the generalizability of our model (50), although we found that data
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augmentation and batch normalization were sufficient to prevent overfitting of our model, as
evidenced by the high testing accuracies. Lastly, incorporation of spatial characteristics of IDH-
mutated gliomas (such as unilateral patterns of growth and localization within single lobes) into
the deep neural network may further improve model performance (45).

In this study, we developed a technique to non-invasively predict IDH genotype in grade II-IV
glioma using conventional MR imaging. In contrast to a radiomics approach, our deep learning
model does not require pre-engineered features. Our model may have the potential to serve as a
noninvasive tool that complements invasive tissue sampling, guiding patient management at an
earlier stage of disease and in follow-up.
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Tables
HUP, n = 201 BWH, n= 157 TCIA, n= 138

Age 56 (18-88) 47 (18-85) 52 (21-84)
Sex (% Male) 56% 57% 57%
IDH mutation rate 36% 59% 50%
Grade & IDH status

[ Wild-Type 11 0 3

I Mutant 28 31 31

[l Wild-Type 28 6 13

1l Mutant 41 40 31

IV Wild-Type 90 59 53

IV Mutant 3 21 7

Table 1. Patient demographics, IDH status, and grade for HUP, BWH, and TCIA cohorts. Age is
shown as median (minimum-maximum).

Training Set Validation Set Testing Set
HUP + BWH + TCIA HUP + BWH + TCIA HUP + BWH + TCIA
n=1188 n =153 n =147

Accuracy AUC Accuracy AUC Accuracy AUC

Age 82.6% .88 82.4% .88 79.6% .89
Single Combined Network

Single combined network 86.4% .93 82.4% .92 76.9% .86
Single combined network + age 89.1% .95 86.9% .95 84.4% .92
Dimensional Networks

Coronal network 80.0% .87 77.8% .89 76.9% .85
Sagittal network 78.8% .86 79.1% .88 79.6% .86
Axial network 82.0% .90 79.7% 91 76.9% .87
Combining dimensional networks 83.2% 91 84.3% .93 77.6% .90
Combining dimensional networks + age 87.2% .94 85.6% .94 89.1% .95
Sequence Networks

FLAIR network 65.9% 72 62.1% .70 65.3% .69
T2 network 68.4% 74 66.0% a7 67.3% .73
T1 pre-contrast network 68.7% g7 72.5% 75 68.7% .86
T1 post-contrast network 80.5% .88 82.4% .89 86.4% .92
Combining sequence networks 82.8% .90 83.0% .93 85.7% .94
T1C network + age 87.2% .93 86.9% .95 87.8% .94
Combining sequence networks + age 87.3% .93 87.6% .95 89.1% .95

Table 2. Accuracies and AUC from ROC analysis from training on three patient cohorts. The
methods shown include age only, the single combined network training heuristic, the
dimensional networks training heuristic, and the sequence networks training heuristic.

18

Downloaded from clincancerres.aacrjournals.org on March 22, 2020. © 2017 American Association for Cancer
Research.



http://clincancerres.aacrjournals.org/

Author Manuscript Published OnlineFirst on November 22, 2017; DOI: 10.1158/1078-0432.CCR-17-2236
Author manuscripts have been peer reviewed and accepted for publication but have not yet been edited.

Figure Legends

Figure 1. (A) Image pre-processing steps in our proposed approach. (B) A modified 34-layer
residual neural network architecture was used to predict IDH status. (C) Displays the learning
rate schedule. The learning rate was set to .0001 and stepped down to .25 of its value when there
is no improvement in the validation loss for 20 consecutive epochs.

Figure 2. The training heuristics tested include a (A) single combined network, (B) dimensional
networks, and (C) sequence networks. In the single combined network training heuristic, all
sequences and dimensions were inputted into a single network. In the dimensional networks
training heuristic, a separate network was trained for each dimension. In the sequence networks
training heuristics, a separate network was trained for each MR sequence.

Figure 3. ROC curves for training, validation, and testing sets from training on three patient

cohorts for (A) age only, (B) combining sequence networks, and (C) combining sequence
networks + age. The testing set AUC for combing sequence networks + age was 0.95.
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Figure 2
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Figure 3
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