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Abstract 

IDH is a gene that heavily affects the treatment response of gliomas and is 

associated with patient’s prognosis. Convolutional neural networks (CNNs) showed 

great potential in predicting IDH mutations. However, these CNN models require time-

intensive image-preprocessing before being used for predictions. There are two main 

purpose of this study. The first purpose is to investigate the feasibility of applying a 

novel convolutional neural network based on the Inception-ResNet to reduce image 

preprocessing steps and improve accuracy in IDH mutation prediction. The second 

purpose is to evaluate different data augmentation methods on brain studies.  

MR images of 103 patients were selected from The Cancer Imaging Archive 

(TCIA). Intensity normalization of every individual slice is the only image pre-

processing step. The T1w post-contrast, FLAIR, and T2w images at the same slice 

location were grouped together and considered as one training sample. This give rise to 

209 IDH-mutant samples from 42 patients and 356 IDH-wild-type samples from 61 

patients that were randomly selected to become training, validation, and test sets. To 

avoid overfitting in the model performance, data augmentation methods were applied 

individually to both training and validation sets in each training. The augmentation 

methods included duplication, noise addition, rotation, translation, cropping and 

mirroring. Images from one sample were fed to different input channels of Inception-
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ResNet, and the predictions were based on the extracted features and the patient’s age at 

diagnosis. Prediction accuracy was used to assess the performance of different 

augmentation methods.  

With only intensity normalization, the proposed model using training sets 

augmented by rotation and noise addition achieved the IDH prediction accuracies of 

91.8% and 91.8%, respectively. On the same training, validation and test sets, the 

proposed model trained on data augmented by duplication, cropping, translation, and 

mirroring gave accuracies of 81.6%, 79.6%, 83.7%, and 85.7%, respectively.  

This work investigated the feasibility of the application of the novel 

convolutional neural network based on the Inception-ResNet on IDH mutation 

prediction, and high accuracies can be achieved with only intensity normalization as 

image preprocessing. Among all data augmentation methods, noise addition and 

rotation shows better performance and might suggest potential value for other clinical 

applications using machine learning algorithms. 
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1. Introduction 

1.1 The history of convolutional neural network 

CNNs are deep learning networks and have shown great potential in image 

recognition. Instead of taking the whole image as input, like what artificial neural 

network (ANN) does, CNNs try to minimize the computational cost by using shift 

invariant perceptrons in multiple layers.1 Their shared and translation invariant weights 

make CNNs also known as shift invariant or space invariant artificial neural networks 

(SIANN).2 

The idea of perceptrons could be traced back to the brain studies in 1950s and 

1960s. Hubel and Wiesel identified two types of visual cells in brains: simple cells (S-

cells) and complex cells (C-cells).3 S-cells extract local features, while C-cells tolerant 

the features’ deformation, such as shifting and rotation. Every neuron takes the visual 

stimuli within a certain range, which is known as receptive field. The receptive field of 

neighboring neurons are similar and overlapping, and the systematical combination of the 

size and location of receptive fields forms a complete visual space.  

The first convolutional neural network is the time delay neural network (TDNN) 

proposed in 1987, which was used to recognize phonemes in speech signals.4 It utilized 

shared weights along the temporal dimension, which made the speech processing time-

invariant. This was the early prototype of the shift-invariant filters in image recognition. 

However, TDNN was a feedforward network and all the weights had to be updated in a 

separate back-propagation process. 
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In 1989, Yann LeCun et all proposed a CNN to recognize hand-written ZIP code 

numbers and made all the weight automatically trainable via back-propagation.5 Later, 

they further improved the network to a 7-layer CNN and named it as LeNet-5,6 which 

contains 2 convolutional layers, 2 subsampling layers, 2 full connection layers, and 1 

output layer. LeNet-5 had shown great performance on the recognition of hand-written 

numbers and was adopted by several banks to deposit checks. However, the input layer of 

LeNet-5 could only receive 32 by 32 black-and-white images. The processing of higher 

resolution and colorful images requires larger and more convolutional layers, so this 

network was constrained by computational cost.  

The development of processors, especially graphic processing units (GPUs), 

boosted the development of CNNs. In 2004, K. S. Oh and K. Jung first implemented 

neural network training with GPUs instead of CPUs and got a 20 times faster 

performance.7 Later, many other researchers followed this idea and implemented CNN 

training with GPUs.8-11 In 2012, Alex Krizhevsky et al proposed a CNN model, AlexNet, 

and achieved a top-5 error rate of 15.3% in image recognition.12 AlexNet was considered 

a classical CNN model and the majority of recent CNN models are fine-tuning or 

modification of AlexNet. By the end of 2018, the work has been cited more than 34,000 

times.  
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1.2 The Structure of a Typical CNN: AlexNet 

 

Figure 1: The Architecture of AlexNet. 

 

Figure (1) shows the architecture of AlexNet. There are 5 different layers in 

AlexNet: input layer, convolutional layer, activation layer, pooling layer, fully connected 

layer, and output layer. These layers are widely utilized in different CNN models, and 

their function will be further explained in this session. 

1.2.1 Input layer 

This layer receives the input images. The input layer can be 2 dimensional and 

receive gray level images. If the input images are RGB images, the input layer should 

have 3 channels on the third dimension and receive the red, green, and blue channel of 

the RGB images, respectively. Usually, CNN models include a single input layer; 

however, if a few images are fed to the CNN model simultaneously, there can be multiple 

input layers.  
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1.2.2 Convolutional layer 

Convolutional layer is the core of CNN models and Figure (2) demonstrates how 

it functions. The convolutional layer contains multiple kernels (also called filters, 

detectors). Each kernel K scans through the input volume I and multiply pixel value of I 

with the corresponding weight in K. The sum of all the multiplication products becomes 

one cell of the output. When the kernel completes scanning, an output volume is created, 

and the size of that volume is  

                                                               Soutput = 𝑆𝐼 − 𝑆𝐾 + 1                                           (1) 

where SI and SK are the size of input volume and kernel, respectively. 

 

 

Figure 2: The demonstration of convolution. 

 

The kernel can move through the input volume one pixel by one pixel, and it can 

also move several pixels at each step to avoid excess overlapping, especially when the 
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size of the kernel is large. The number of pixels each step goes through is call stride, and 

the size of the output volume now becomes 

                                                            Soutput =
𝑆𝐼−𝑆𝐾

𝑠
+ 1                                               (2) 

where s is stride. 

As shown in Figure (2) and Eq (1)(2), the size of output volume is smaller than 

the input. After a few convolutions, the output volume may significantly shrink and 

cannot afford any further processing. Also, it makes CNN models over-sample the central 

area but under-sample the periphery. Padding is a popular choice to enlarge the size of 

output volume. As shown in Figure (3), 2 circles of zeros are attached to the original 

image and enlarge it from 32x32 to 36x36. With a padding of p circles, the size of output 

volume now becomes 

                                                                  Soutput =
𝑆𝐼−𝑆𝐾+2𝑝

𝑠
+ 1                                            (3) 

In many CNN models, the padding value is not a specific number, but a general 

requirement called “same”, which keeps the length and width of output volume the same 

as those of the input volume. 
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Figure 3: Padding makes a 32x32 image to be 36x36. 

 

Eq (3) describes the first and second dimension of output volume, and the third 

dimension depends on the number of kernels. Each kernel forms a plane when it 

completes the scanning on the input volume, the planes from multiple kernels 

concatenate together to form a volume.  

1.2.3 Activation layer 

Neuronal networks require non-linearity, otherwise all the layers between the 

input and the output can be equivalent to a single matrix and therefore noneffective. For 

ANNs, the activation is usually sigmoid or tanh function, as shown in Eq (4) and Figure 

(4).  
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                                                    {
Sigmoid(x) =

1

1+𝑒−𝑥

tanh(𝑥) =
𝑒𝑥−𝑒−𝑥

𝑒𝑥+𝑒−𝑥

                                                   (4) 

 

 

Figure 4: Sigmoid and tanh function. 

 

The primary problem of these two activation functions is that gradients are too 

small when the variables are either small or large, making the training slow and difficult 

to converge. In 2011, Xavier Glorot et al proposed a new activation function, rectified 

linear unit (ReLU) function, and showed that ReLU function allows a faster and better 

training.13 The mathematical expression of ReLU function is Eq (5) and Figure (5) shows 

the diagram. 

                                                         ReLU(x) = max (x, 0)                                        (5) 
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Figure 5: ReLU function. 

 

After normalization, the output volume will be fed to an activation layer with 

ReLU function. Voxel with negative values are rectified to be 0, and voxels with positive 

values remain. Non-linearity is therefore introduced in CNN models. 

1.2.4 Pooling layer 

Pooling is another important component of CNNs, which introduce non-linearity 

by non-linear down-sampling. Besides, it also reduces the parameters and the 

computation in CNNs. Figure (6) shows a max pooling layer with filter size of 2 and 

stride of 2. For this max pooling layer, the filter extracts the maximal value within a 2x2 

region on the input volume and moves 2 pixels horizontally or vertically at each step. 

Average pooling layer is also common in CNNs, whose filter extracts the mean value of a 

certain region. However, pooling layers only down-sample 2 dimensions: width and 
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height. Consequently, the size of the output volume after a pooling layer with filter size 

of F and stride of S changes to 

                                                        {

𝑊2 =
𝑊1−𝐹

𝑆
+ 1

𝐻2 =
𝐻1−𝐹

𝑆
+ 1 

𝐷2 = 𝐷1

                                              (6) 

where W, H, and D represent the width, height, and depth of the matrix and the 

subscription 1 and 2 represent the input and output volume, respectively.  

 

 

Figure 6: Max pooling layer, with a filter size of 2 and a stride of 2 

 

1.2.5 Fully connected layer 

After several convolutional and pooling layers, the extracted features can be 

combined with fully connected layers, which are common structures in ANN. Before fed 

to the fully connected layers, the extracted feature volume has to be flattened and become 

one-dimensional arrays. In AlexNet, there are three fully connected layers, including the 



 

10 

output layer. However, recent CNN architectures, such as ResNet14, tend to replace fully 

connected layer with a global average pooling layer, since fully connected layers are very 

computationally expensive.  

1.3 Advanced CNN architectures 

AlexNet was acknowledged as a classical CNN architecture, and a great majority 

of recent CNN models were based on it. They achieved better recognition performance 

by adjusting filters and adding more convolutional layers, such as VGG-16 and VGG-

19.15 Some other CNN models, however, modified the fundamental structure of AlexNet 

and achieved even better results. ResNet and GoogleNet were typical representations of 

these CNN models. 

1.3.1 Residual Networks 

ResNet was proposed because more layers in AlexNet-like networks, or “plain” 

networks, led to poorer performance when the number of layers reached a certain limit.14 

The primary cause is the vanishing gradient problem. This problem was first identified in 

199116: in neural network training with gradient-based learning methods and 

backpropagation, the gradient can be vanishingly small, especially when the computation 

of gradient goes through many layers and thus many times of the chain rule. Because of 

ReLU activation function, the gradient is large enough for 20-layer networks, but it 

cannot afford any deeper layers.  

ResNet keeps the gradient by adding shortcuts and bypassing some convolutional 

layers, as shown in Figure (7). The shortcuts are actually identity functions, which 
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directly add the input volume to several layers deeper without any processing. When 

computing gradient, it will be multiplied by the derivative of identity functions, which is 

simply 1. Therefore, the gradient is large enough for training even for 152-layer 

networks.14 

 

 

Figure 7: The demonstration of residual learning. 

 

1.3.2 Inception module 

Inception module is the primary breakthrough of GoogleNet.17 In CNN models, 

the size and number of convolutional filters significantly influence the performance, and 

it takes the researchers many tries to find out the best solution. GoogleNet solved this 

problem by utilizing inception modules, as shown in Figure (8). Instead of 
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consequentially going through each layer, input volume is processed simultaneously in 

parallel branches, and the size and numbers of convolutional filters in each branch can be 

different. During training, the weight of each branch will be updated automatically, and 

the best solution can be obtained.  

 

 

Figure 8: Demonstration of inception module in GoogleNet. 

 

1.3.3 Inception-ResNet 

In 2017, Christian Szegedy et al combined ResNet and inception module and 

proposed Inception-ResNet. The architecture of Inception-ResNet is shown in Figure (9). 

Inception-ResNet adds shortcuts as an additional branch, and therefore it has the 

properties both from ResNet and inception module, which helped it achieved improved 

performance in image recognition.  
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Figure 9: The architecture of Inception-ResNet. 

 

1.4 Data augmentation 

The idea of data augmentation can be traced back to 2003, when Patrice Y. 

Simard et al were training CNN for digit recognition and faced the problem of limited 

data.24 They generated various elastic deformation maps and applied them to original 

images. Neural networks consider the deformed images as new images, since the pixel 

values received by filters are different. In this way, they successfully enlarged their 

training data set and achieved record-breaking accuracy.18 

Recent data augmentation methods are more diverse, including cropping, 

mirroring, translation, rotation of the original image and noise addition. For RGB images, 

color shifting, and gray scale are also practical, as shown in Figure (10). The purpose of 

data augmentation is to make the network insensitive to a certain change in the input 

images. For example, if the input images are augmented by rotation, the network will 

manage to predict consistent result even if the input images are rotated. Consequently, the 

augmentation can make the prediction rotation-invariant. By augmented the training 

images with different methods, the network can be more robust and make reliable 

predictions in reality.  
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Figure 10: Examples of recent data augmentation methods for image recognition. 

 

1.5 Optimizer 

With a sample fed to the neural network, an objective function (also called loss 

function or error function) is calculated based on the different between the network 

prediction and the ground truth. The gradient, or the partial derivations about neural 

network parameters, can be calculated. Neural networks then update their weights by 

gradient-based backpropagation methods, which are also known as optimizers. Gradient 

descent (GD) is a popular optimizer in many fields, and it has many extensions or 

variants in neural networks. 
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1.5.1 Stochastic gradient descent (SGD) 

For the conventional GD, it minimizes the average of the loss function of all 

training samples, i.e.,  

                                           Q(w) =
1

n
∑ 𝑄𝑖(𝑤)
𝑛
𝑖=1                                        (7) 

where Qi is the loss function of the ith sample, and n is the number of samples. In order 

to minimize Q(w), the parameter w should be updated as  

                             w ≔ w− η∇Q(w) = w − η∑
∇𝑄𝑖(𝑤)

𝑛

𝑛
𝑖=1                                        (8) 

where η is the step size (usually called the learning rate in machine learning).  

However, computing the sum of the gradient over all training samples can be very 

computationally expensive and sometimes impossible. In 1951, Herbert Robbins et al 

proposed a new method,19 which does not average on all training samples but only 

compute the gradient from one sample, i.e., 

                                              w ≔ w− η∇Qi(𝑤)                                     (9) 

where Qi(𝑤) is the loss function of the ith sample. For an SGD optimization, the training 

samples will be randomly shuffled, therefore, Eq (9) is a stochastic process. However, the 

gradient from a single training sample fluctuates and can mislead the training. A 

compromised strategy is to compute the gradient from a subset of all training samples, 

which is known as a mini-batch.20 
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1.5.2 SGD with momentum 

Later, Herbert Robbins et al proposed a new SGD backpropagation method with 

momentum to further stabilize the gradient. In this method, the previous parameter update 

Δw is kept to the next iteration, i.e., 

                                                    {
Δ𝑤 ≔ 𝛼Δ𝑤 − 𝜂∇𝑄𝑖(𝑤)

𝑤 ≔ 𝑤 + Δ𝑤
                                           (10) 

where α is the momentum parameter. It gets the name “momentum” because the term 

αΔw gives the weights an inertia and it will keep the moving direction until the loss 

function gradient, or the “force”, changes it.19  

1.5.3 Adam 

Adam is the abbreviation of Adaptive Moment Estimation. It was proposed by DP 

kingma et al in 2014.21 In Adam, the learning rate is adapted for each of the parameters 

and therefore, the training can be more specific and effective. For the t th iteration in 

Adam, weight w(t) gives the loss function L(t), and the weight in the new iteration w(𝑡+1) 

can be updated as  

                                           

{
 
 
 
 

 
 
 
 𝑚𝑤

(𝑡+1)
= 𝛽1𝑚𝑤

(𝑡) + (1 − 𝛽1)∇𝑤𝐿
(𝑡)

𝑣𝑤
(𝑡+1)

= 𝛽2𝑣𝑤
(𝑡)
+ (1 − 𝛽2)(∇𝑤𝐿

(𝑡))
2

𝑚̂𝑤 =
𝑚𝑤
(𝑡+1)

1−(𝛽1) 𝑡+1   

𝑣𝑤 =
𝑣𝑤
(𝑡+1)

1−(𝛽2) 𝑡+1 

𝑤(𝑡+1) = 𝑤(𝑡) − 𝜂
𝑚̂𝑤

√𝑣̂𝑤+𝜖

                              (11) 

where ϵ is a small parameter to avoid division by 0, and β1 and β2 are the 

forgetting factors for gradients and second moments of gradients, respectively. Adam has 
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been the most widely applied optimizer in neural network training for many years and 

researchers have cited the original paper more than 17,000 times.  

1.6 CNN applications in gliomas classification 

1.6.1 Gliomas 

Gliomas are brain tumors that start in the glial cells. They account for 80% of 

malignant brain tumors.22 Some studies show that the treatment response of gliomas 

associates with the isocitrate dehydrogenase 1 (IDH1) enzyme.23-25 Mutation can occur at 

a single amino acid residue of the gene that encodes the enzyme, and the resulting mutant 

enzyme loses the ability to catalyze conversion of isocitrate to α-ketoglutarate. However, 

the mutation allows the enzyme to catalyze the production of D-2-hydroxyglutarate (D-

2HG). Molenaar et al suggest that the accumulated D-2HG suppresses DNA repair and 

causes increased DNA damages in cancer cells after irradiation or chemotherapy.24 

Therefore, patients with mutant IDH1 are generally more sensitive to radiotherapy or 

chemotherapy and survive longer. Figure (11) visualizes the whole process. 
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Figure 11: How IDH mutation affect patient’s survival. 

 

Considering the significant prognosis difference caused by IDH1, in 2016, the 

World Health Organization (WHO) divided grades II, III, and IV gliomas into two 

subgroups, which are IDH mutant and IDH wild-type gliomas.26 The “gold standard” to 

determine IDH mutations are immunohistochemistry and genomic sequence analysis.27,28 

However, these methods require histopathological specimens and are therefore invasive 

and time-intensive. In addition, these researchers report that intratumoural genetic 

heterogeneity can make the biopsy-based genetic analysis incorrect, since it only samples 

a small part of the tumors. 

1.6.2 CNN models to predict IDH 1 mutations 

Medical imaging procedures are promising alternatives for IDH detection because 

they are non-invasive, repeatable and examine the whole tumor at once. Magnetic 

resonance imaging (MRI) is the most common diagnostic imaging modality for gliomas 

in routine clinical practice, and IDH mutant and IDH wild-type gliomas show different 
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appearance on MRI images. For example, (1) the involvement of frontal lobe is 

predominant in IDH mutant gliomas;29 (2) T2 weighted imaging (T2WI) and fluid-

attenuated inversion recovery (FLAIR) mismatching occurs primarily in IDH mutant 

gliomas;30 (3) IDH mutant gliomas often show well-defined borders;37 (4) the IDH 

mutation follows an age distribution and IDH mutant gliomas are more likely to be 

diagnosed in patients who are younger.29 These pathological properties of IDH mutant 

and wild-type gliomas provide the possibility of non-invasive predictions.  

Deep learning, especially convolutional neural network (CNN), has shown great 

potential in medical image recognition.31-33 Some recent studies utilized ResNet on IDH 

mutation prediction and get high accuracy.34-36 However, these prediction models require 

complicated image pre-processing, such as isotropic resampling, whole-brain extraction, 

image registration, and segmentation. These pre-processing procedures, especially the 

segmentation, can take up to half an hour and limit the clinical application.37  

The goal of this thesis research is to investigate the feasibility of the new network 

architecture to reduce image preprocessing and improve classification accuracy on the 

IDH mutation prediction, and to evaluate the effectiveness of different augmentation 

methods in brain studies.  
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2. Methods and Materials 

2.1 Patients Data 

The MRI images of glioma patients were provided by The Cancer Imaging 

Archive (TCIA)38, and their genetic information was provided by The Cancer Genome 

Atlas (TCGA). The research involves patients who met the following criteria: (1) IDH 

mutation or wild type were documented. (2) Image series included T1w-post-contrast, 

FLAIR, and T2w imaging. (3) Slice locations were provided in the DICOM files. (4) 

Tumor locations were known. (5) Patients ages were known. In total, 103 patients were 

selected. For every selected patient, his/her T1w-post-contrast, FLAIR, and T2w images 

of the same slice location were assembled as one training sample. 209 IDH-mutant 

samples from 42 patients and 356 IDH-wild-type samples from 61 patients were 

generated. With all the samples, a test set was selected, which contained 24 samples 

from 6 IDH-mutant patients and 25 samples from 6 IDH-wild-type patients, and the 

patients were randomly selected to avoid overlapping in the training and test sets. 

2.2 Image Pre-processing 

Intensity normalization was the only pre-processing applied in this study. For 

every individual MRI image, the intensities of pixels are normalized by subtracting the 

average value and divided by the standard deviation of them. The purpose of intensity 

normalization is to remove the background bias of MRI images. 
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2.3 Data Augmentation 

Several data augmentation methods were involved in this research, including 

(Figure (1)): (1) Rotation, which randomly rotated the brain images from 0 to 10 degrees, 

counterclockwise; (2) Translation, which translated the brain images within 10 pixels 

horizontally and vertically, independent from each other; (3) Cropping, which cropped 

fractions of 200x200 pixels from the 256x256 original images. This method is also known 

as zooming in other literatures; (4) Noise addition, which scaled the background noise 

acquired from a phantom MRI scan (on a clinical 3T Siemens Skyra MR scanner) to 

different intensity levels and added it to the original images; (5) Mirroring, which 

flipped the brain images about the vertical axis. Mirroring was applied together with 

duplication to reach the required augmentation. Specifically, in order to augment the 

image 20 times, the brain image was first flipped, and the original and flipped images 

were both duplicated 10 times. (6) Duplication, which identically copied the brain 

images as a control group for comparison. Since the number of training samples were 

not equal in the two groups, IDH-mutant images are augmented 20 times while IDH-

wild-type images were augmented 12 times to balance the quantity of the samples. In 

addition, all augmentation methods were combined with a ratio of 20% each to 

investigate the performance of mixed augmentation methods. 

 



 

22 

 

Figure 12: Demonstration of augmented images. 

 

2.4 Deep Learning Model Based on Inception-ResNet 

Inception-ResNet combines the architecture of Inception module and Residual 

CNN, as shown in Figure (9). Inception module is the parallel branches, in which 

different convolutional filters are applied. During training, the weight of each branch 

was updated in every iteration and finally the model could find the best branch, i.e., the 

best filters, and gave them the highest weight. The Residual CNN was demonstrated 

with the shortcuts ending with purple circles in Figure (9), which bypass several 

convolutional layers. The bypasses could conduct the gradient more efficiently in deep 

networks and make the training converge faster. Inception-ResNet has the advantages of 

both inception module and residual networks. It can automatically select the best 
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convolutional filters during the training and converge fast even with deep network 

layers.  

The model comprised 3 parallel channels, which received T1 post-contrast, T2, 

and FLAIR images from one training sample, respectively. The extracted features were 

concatenated at the fully connected layer together with patient’s age at diagnosis, on 

which the predictions were based (Figure (13)).  

 

 

Figure 13: (a) The Inception-ResNet based deep learning model. (b) The learning rate 

schedule. 

 

To evaluate the contribution of each channel, i.e., each imaging modality, one of 

the 3 parallel channels was taken out correspondingly in 3 experiments.  More 

specifically, with noise addition-based augmentation, the combinations of T1 post-

contrast and FLAIR, T1 post-contrast and T2, and FLAIR and T2 imaging were examined 
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in the 3 individual experiments. After the most contributing imaging modality was 

determined, it was separately evaluated. 

2.5 Implementation Details 

Learning rate is an important hyper-parameter in deep learning because it 

heavily influences the convergence of the objective function. The network training can 

take excess time or miss the global minimum if the learning rate is too small or too big. 

A common strategy is to monotonically decrease the learning rate during training, 

however, the training may be stuck in different local minimums or saddle points since 

the initial normalizations are random. and gives non-reproducible results.39 Leslie N. 

Smith et al proposed a new strategy called cyclical learning rates, in which the learning 

rate is scheduled to decrease and increase in several periods.40 As shown in Figure (13b), 

the learning rate overall decreases with several sharp increasing stages, so that the 

optimizer can escape from local minimums and finally converge to the global minimum.  

To evaluate its robustness, the proposed the deep learning model was tested 

again with another pair of randomly selected training and test data sets sampled within 

the 103 patients described above.  In the second test, rotation or noise addition was used 

to augment the training data sets. 

In the training, the Adam algorithm optimized the binary cross-entropy objective 

function with a mini-batch size of 8. The training ended when it reached the 70th epoch 

or early stopped once the training loss reaches 10-5. The training was based on Keras 
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(version 2.2.2) with TensorFlow (version 1.10.0) as backend and was conducted in 

Spyder IPython IDE (version 3.0.0). The network was trained on a GTX 1080 GPU card 

in Windows 10 (version 1803). 

2.6 Evaluation of The Deep Learning Model 

The performance the proposed deep learning model was evaluated by the 

prediction accuracy, sensitivity (True Positive Fraction, TPF) and specificity (True 

Negative Fraction, TNF) on the test set. In addition, receiver operating characteristic 

(ROC) curves were generated for each test, and the area under curve (AUC) was another 

parameter for evaluation. Among all evaluation factors, prediction accuracy is of 

priority.  
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3. Results 

Every training epoch typically took 900 seconds, and the test set took about 60 

seconds. The performance of the proposed Inception-RessNet based model using 

different augmentation methods was shown in Table (1). The prediction accuracies of 

duplication, cropping, combination, translation, mirroring, rotation, noise addition were 

81.6%, 79.6%, 81.6%, 83.7%, 85.7%, 91.8%, and 91.8%, respectively. Compared to 

duplication, in which no actual new information is introduced, all data augmentation 

methods, except cropping, showed improved performance. The TPF showed the most 

significant improvement. Among all the methods, random rotation and noise addition 

gave the best accuracies.   

 

Table 1: The performance of different augmentation methods 

Augmentation 

Methods 

TPF TNF Accuracy AUC 

Duplication 62.5% 100% 81.6% 0.95 

Cropping 70.8% 88.0% 79.6% 0.91 

Combination 75.0% 88.0% 81.6% 0.91 

Translation 79.2% 88.0% 83.7% 0.94 

Mirroring 70.8% 100% 85.7% 0.99 

Rotation 83.3% 100% 91.8% 1.00 

Noise Addition 83.3% 100% 91.8% 0.99 
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To evaluate the robustness of the proposed the deep learning model, it is tested 

again with another pair of randomly selected training and test data sets. The results of 

the two tests were summarized in Table (2). As shown, the performance of the proposed 

deep learning model is generally consistent in the two tests. More specifically, high and 

consistent prediction accuracies were achieved, 91.8% and 90.2% from rotation-based 

augmentation and 91.8% and 88.2% from noise addition-based augmentation, 

respectively. The specificity, also known as TNF, was much higher than sensitivity 

(TPF). Figure (14) showed the receiver operation characteristic (ROC) curves of the 

models (a) trained on training set 1 augmented by rotation (b) trained on training set 2 

augmented by rotation; (c) trained on training set 1 augmented by noise addition;(d) 

trained on training set 2 augmented by noise addition. The AUC (area under curve) 

values were 1.00 and 0.95 from rotation and 0.99 and 0.95 from noise addition, 

respectively. 
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Table 2: The test results on the robustness of the proposed deep learning model 

Test Augmentation TPF TNF Accuracy AUC 

1 

Rotation 83.3% 100.0% 91.8% 1.00 

Noise 

Addition 

83.3% 100.0% 91.8% 0.99 

2 

Rotation 82.1% 100.0% 90.2% 0.99 

Noise 

Addition 

78.6% 100.0% 88.2% 0.95 
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Figure 14: The ROC curves of the models. 
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The prediction performance with one channel taken out was shown in Table (3). 

The two tests that included T1 post-contrast imaging gave high accuracies and they were 

comparable with the results in Table (1), despite the AUC values were slightly lower. 

However, when T1 post-contrast imaging was taken out, as shown in the third test, the 

prediction accuracy and AUC value fell to 79.6% and 0.80, respectively. 

 

Table 3: The prediction performance with one channel taken out. The training 

samples were augmented by noise addition. 

Test Remaining modalities TPF TNF Accuracy AUC 

1 T1 post-contrast, FLAIR 83.3% 100% 91.8% 0.98 

2 T1 post-contrast, T2 79.2% 100% 89.8% 0.94 

3 FLAIR, T2 75.0% 84.0% 79.6% 0.80 
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After these 3 experiments, another test was carried out in which T1 post-contrast 

was the only involved imaging modality. The result was shown in Table (4). 

 

Table 4: The prediction performance with the most contributing channel. The training 

samples were augmented by noise addition. 

Test Remaining modalities TPF TNF Accuracy AUC 

4 T1 post-contrast 66.7% 100% 83.7% 0.99 

 

4. Discussion 

In this study, the utility of an Inception-ResNet based deep learning model was 

verified to minimize image pre-processing in the prediction of IDH mutations. To our 

best knowledge, it is the first study to investigate the feasibility of reducing image pre-

processing steps while maintaining high prediction accuracy. The prediction accuracies 

of the proposed deep learning model were high and consistent with only intensity 

normalization as image pre-processing. It suggests that the new CNN architecture, i.e. 

Inception-ResNet, has the capacity to use minimally pre-processed images, which makes 

deep learning more practical in clinical applications since the data can be fed to the 

network more quickly and conveniently. The quick and accurate IDH mutation 

predictions may benefit clinical decision making because it guides patient management 

and treatment choice.  
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 Various deep learning models were trained with different imaging modalities, 

namely the combination of T1 post-contrast and FLAIR, T1 post-contrast and T2, and 

FLAIR and T2 imaging. The results in Table (3) suggests that T1 post-contrast imaging 

contributes the most to the predication making. Chang et al. reported similar result.34 

This is probably because T1 post-contrast imaging offers the clearest tumor-normal 

tissue boundary and contrast among all three imaging modalities.  

The TNF of the prediction results are always higher than the TPF, even reaching 

100% at times.  It is also noted that the AUC value sometimes achieves 1.00, which 

means there is a certain threshold that can completely separate IDH mutant and wild-

type gliomas. Specifically, in the experiment showed in Figure (14a), the predictions can 

be 100% accurate when the threshold is 0.963, a very large number. It implies the models 

tend to predict negative results, i.e., IDH wild-type, unless they are very confident the 

prediction is positive. A potential explanation can be the natural possibility of the 

occurrence of IDH mutation. IDH wild-type are predominant in gliomas,29 which is also 

true for the training samples in this study. Although the IDH wild-type and IDH mutant 

glioma images were augmented different numbers of times to balance the number of 

training samples, the IDH wild-type group does contain more information since it 

comprises more patients. Therefore, for a given sample, a negative prediction is more 

likely to be accurate and the deep learning model probably learned this tendency during 

training.  
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One common challenge in deep learning model training is the limitation of data 

and a well acknowledged strategy is data augmentation. The effectiveness of various 

augmentation methods was evaluated, including rotation, translation, cropping, 

mirroring, and noise addition. Data augmentation makes the model insensitive to a 

certain change in the input images. For example, input images augmented by translation 

make the prediction consistent even if the images are shifted. Random rotation and 

noise addition gave the best performance probably because these two scenarios are more 

common in the practice. The evaluation of different augmentation methods can benefit 

the brain deep learning studies in the future. As shown in Table (3), the involvement of 

non-effective augmentation methods leads to compromised performance. It suggests the 

deep learning projects can be more efficient if augmentation methods are evaluated 

before implementation.  

This deep learning model can potentially aid the clinical diagnosis and prognosis 

prediction. IDH mutation has been an important factor that affects clinical decision 

making, for example, the presence of such mutations can be a sign of infiltrating 

gliomas, i.e., WHO grade > I.41 Although immunohistochemistry and DNA sequence 

analysis can provide almost 100% reliable result, they are invasive procedures and take a 

lot of time and money. With the help of deep learning predictions, patient’s genetic 

information can be obtained in a more convenient and efficient way. Also, tumors with 

IDH mutations are generally much less aggressive than those without mutations, and 
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these mutations are consider powerful prognosis biomarker.41 Clinical staffs, such as 

physicians, may make more appropriate clinical decisions when this factor can be 

provided by the deep learning model instead of time-consuming biopsies. 

Compared to those existing deep learning models, the biggest novelty of this 

Inception-ResNet based deep learning model is the capability of processing brain images 

without pre-processing. Those mentioned deep learning models in the introduction can 

achieve excellent IDH mutation prediction accuracies, however, the pre-processing, 

including isotropic resampling, field bias correction, image registration, skull-stripping, 

and segmentation, can be a barrier for the clinical applications. Among the 

preprocessing steps, segmentation is of special concern because it is the most labor-

intensive one. With the capability of processing raw images, this deep learning model 

shows a better potential in clinical application.  

 There are several limits of this study. First, a larger population of the test subjects 

may further improve the performance of the models. The relatively few subjects might 

be the reason of the extreme AUC value in Figure (14a). Second, more channels can be 

added to the network architecture. In our study, there are only 3 channels for T1w-post-

contrast, FLAIR and T2w axial images. Chang, K., et al. showed the combination of 

images in axial, coronal, and sagittal dimensions may improve the model performance.34 

TCIA provides T1, T2, FLAIR, perfusion and diffusion images in sagittal and coronal 

dimensions, however, not every patient has all those series. In order to keep the training 
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samples consistent, we did not utilize coronal and sagittal images. Third, the feasibility 

of the network can be further verified with more clinical data. Rotation and noise 

addition gave the best performance on brain studies, however, it may not be true for 

abdominal or breast studies. 
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5. Conclusion 

 In this study, I built a novel CNN model base on Inception-ResNet that can 

simultaneously receive T1 post-contrast, FLAIRE, and T2 images of glioma patients. This 

model verified that IDH status could be predicted at a high accuracy with minimal 

image pre-processing. Besides, among all data augmentation methods, it has been found 

that slight rotation and noise addition could be considered effective augmentation 

methods for brain studies. 
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