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Abstract 
Purpose:  

To investigate the feasibility of integrate radiomics and deep learning in 

computer-aided medical imaging analysis 

Methods:  

Two different approaches were investigated to integrate radiomics and deep 

leaning on two independent tasks respectively. In the first approach, a 2D sliding kernel 

was implemented to map the impulse response of radiomic features throughout the 

entire chest X-ray image; thus, each feature is rendered as a 2D map in the same 

dimension as the X-ray image. Based on each of the three investigated deep neural 

network architectures, including VGG-16, VGG-19, and DenseNet-121, a pilot model 

was trained using X-ray images only. Subsequently, 2 radiomic feature maps (RFMs) 

were selected based on cross-correlation analysis in reference to the pilot model saliency 

map results. The radiomics-boosted model was then trained based on the same deep 

neural network architecture using X-ray images plus the selected RFMs as input. 

The proposed radiomics-boosted design was developed using 812 chest X-ray 

images with 262/288/262 COVID-19/Non-COVID-19 pneumonia/healthy cases, and 

649/163 cases were assigned as training-validation/independent test sets. For each model, 

50 runs were trained with random assignments of training/validation cases following 
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the 7:1 ratio in the training-validation set. Sensitivity, specificity, accuracy, and ROC 

curves together with Area-Under-the-Curve (AUC) from all three deep neural network 

architectures were evaluated. 

In the second approach, a cohort of 235 GBM patients with complete surgical 

resection was divided into short-term/long-term survival groups with 1-yr survival time 

threshold. Each patient received a pre-surgery multi-parametric MRI exam with 4 scans: 

T1, contrast-enhanced T1 (T1ce), T2, and FLAIR. Three tumor subregions were 

segmented by neuroradiologists, and the whole dataset was divided into training, 

validation, and test groups following a 7:1:2 ratio. 

The developed model comprises three data source branches: in the 1st radiomics 

branch, 456 radiomics features (RF) were calculated from the three tumor subregions of 

each patient’s MR images; in the 2nd deep learning branch, an encoding neural network 

architecture was trained for survival group prediction using each single MR modality, 

and high-dimensional parameters from the last two network layers were extracted as 

deep features (DF). The extracted radiomics features and deep features were processed 

by a feature selection procedure to reduce the dimension size of each feature space. In 

the 3rd branch, patient-specific clinical features (PSCF), including patient age and three 

tumor subregions volumes, were collected from the dataset. Finally, data sources from 

all three branches were fused as an integrated input for a supporting vector machine 

(SVM) execution for survival group prediction. Different strategies of model design 
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were investigated in comparison studies, including 1) 2D/3D-based image analysis, 2) 

different radiomics feature space dimension reduction methods, and 3) different data 

source combinations in SVM input design. 

Results:  

In the first approach, all three investigated deep neural network architectures 

demonstrated improved sensitivity, specificity, accuracy, and ROC AUC results in 

COVID-19 and healthy individual classifications. VGG-16 showed the largest 

improvement in COVID-19 classification ROC (AUC from 0.963 to 0.993), and 

DenseNet-121 showed the largest improvement in healthy individual classification ROC 

(AUC from 0.962 to 0.989). The reduced variations suggested improved robustness of 

the model to data partition. For the challenging Non-COVID-19 pneumonia 

classification task, radiomics-boosted implementation of VGG-16 (AUC from 0.918 to 

0.969) and VGG-19 (AUC from 0.964 to 0.970) improved ROC results, while DenseNet-

121 showed a slight yet insignificant ROC performance reduction (AUC from 0.963 to 

0.949). The achieved highest accuracy of COVID-19/Non-COVID-19 pneumonia/healthy 

individual classifications were 0.973 (VGG-19)/0.936 (VGG-19)/ 0.933 (VGG-16), 

respectively. 

In the second approach, the model achieved 0.638 prediction accuracy in the test 

set when using patient-specific clinical features only, which was higher than the results 

using radiomics features/deep features as sole input of SVM in both 2D and 3D based 
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analysis. The inclusion of radiomics features or deep features with patient-specific 

clinical features improved accuracy results in 3D analysis. The most accurate models in 

2D/3D analysis reached the highest accuracy of 0.745 with different combinations of 

dissimilarity-selected radiomics features, deep features, and patient-specific clinical 

features, and the corresponding ROC area-under-curve (AUC) results were 0.69 (2D) 

and 0.71 (3D), respectively.  

 

Conclusions:  

The integration of radiomic analysis in deep learning model design improved the 

performance and robustness computer-aided diagnosis and outcome predication, which 

holds great potential for clinical applications and provides a radiomics perspective for 

deep learning interpretation.  
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1. Introduction  
1.1 Imaging based prognosis and diagnosis 

Accurate and efficient prognosis and diagnosis are crucial to the treatment and 

management of patients. The prognosis and diagnosis enable personalized medicine and 

treatment strategy, which spares the limited medical resources while enhances the life 

quality of patients. Besides the symptoms and screening test, medical imaging is a 

promising non-invasive approach for prognosis and diagnosis1-3. Depends on different 

imaging modalities, the radiographic phenotype can show both anatomical (such as CT, 

MRI) and metabolic (such as PET, SPECT, fMRI) information of patients, which provides 

a reliable basis for the diagnosis and prognosis of the disease. However, currently 

diagnosis and prognosis are done manually by radiologists, including the examination 

of medical images to identify the possible disease locations, which is highly dependent 

on the experiences of the radiologist. In addition, when dealing with high patient 

volume with large medical dataset, this process is laborious and hardly consistent4,5 

Therefore, computer-aided medical imaging analysis (CAMIA) system is highly 

demanded to solve the aforementioned problem with high throughput quantitative 

analysis. Previous studies revealed that CAMIA systems outperformed radiologists in 

many challenging tasks6,7. Furthermore, with CAMIA information as reference 

information, radiologist reading results could be significantly improved8-10. Therefore, 
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the development of accurate and efficient CAMIA system has been being an important 

research topic. 

1.2 Radiomics based medical imaging analysis 

One approach for such CAMIA system is radiomics-based image analysis, which 

extracts radiomics features as computation image biomarkers. These features are 

calculated using hand-craft mathematical algorithms to reveal important information 

that hard to be appreciated by radiologist11-13. Numerous radiomics features has been 

developed to describe different characteristic of medical imaging. For instance, some 

describe the size and shape information14, some are based on the image intensity 

analysis15 , the widely used gray-level co-occurrence matrix (GLCOM), gray-level run 

length matrix (GLRLM) describe the relationship between image voxels16,17, some uses 

mathematic transformation to process the image18. These radiomics features were widely 

used in a wide range of application.  

One important application is treatment evaluation and prognosis. King et al19  

found that in human patients with head-and-neck cancer, the average apparent 

diffusion coefficient histogram kurtosis, and skewness on diffusion weighted MRI 

images were found to be higher in poorly responded tumors during chemoradiotherapy. 

Another study20 constructed multi input models to predict pathologic response to 

chemoradiotherapy using a PET images dataset from 20 esophageal cancer patients. 

They found the combination of different types of radiomics features significantly 
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improved the model performance than using single types of radiomics feature. Coroller 

et al21 constructed a model to predict distant metastasis and survival in 182 lung cancer 

patients using 35 and 6 CT radiomics features and achieve a promising performance. 

Radiomics analysis is also widely used in tissue identification task. As early as 

1990s, GLCOM textures on T1 and T2-weighted MR images were found to have 

potential to differentiate brain tumor, edema, cerebrospinal fluid (CSF), white matter, 

and gray matter, in patients with brain cancer22. Petkovska et al23  constructed a 

radiomics based classification model to identify malignant and benign nodules from 

contrast-enhanced CT images. GLCOM textures were calculated, and the model achieve 

a higher performance than radiologists in the classification task. A more recent study24 

combines CT and PET-based textures to classify malignant and benign lesion in various 

tumor sites and achieved an accuracy over 0.7.  

1.3 Deep learning based medical imaging analysis 

Deep learning models composed of many layers that transform input data to 

outputs while learning increasingly higher-level features, which enable computers to 

automatically extract the features that optimally represent the image information for the 

problem at hand. In imaging analysis task, the mostly used model are convolutional 

neural networks (CNNs) which is firstly proposed in 198025 and applied to medical 

imaging analysis in 199526. Driven by recent theoretical developments and accesses to 



 

4 

massive computation power, deep learning has demonstrated its great potential in 

CAMIA.  

In recent studies, deep learning-based algorithms were widely investigated in 

computer aided diagnosis.  Hosseini-Asl et al27 constructed 3D CNN based on MRI scan 

of the brain to classify patients into cognitively normal older individuals, cognitive 

impairment, and Alzheimer’s disease, achieving an accuracy of 89.1%. Liu et al 28 

proposed a multi-view multi-scale CNN to classify the lung nodule into 6 types (i.e., 

well-circumscribed, vascularized, juxta-pleural, pleural-tail, ground glass optical, and 

non-nodules) in CT scans. The proposed method achieves an overall accuracy of 92.1% 

with a dataset comprising 1012 sample. In order to deal with the limited size of dataset, 

Khan et al 29 using the concept of transfer earning in breast cancer detection and 

classification based on breast cytology images. Pre-trained GoogleNet, VGGNet, and 

ResNet were used to extract features from images. These features were then fed into 

fully connected layer for classification of malignant and benign cells, achieving an 

overall classification accuracy of 97.5%. 

Another important application of deep learning-based CAMIA is segmentation. 

The purpose of segmentation is to identify voxels in medical images which can shape 

the contour of the region of-interest (ROI). Accurate segmentation is crucial in treatment 

planning for improving the treatment outcome of patients. Li et al30 proposed a novel 

hybrid densely connected U-Net consisting of a 2D Dense-U-Net and a 3D counterpart 
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for liver and tumor segmentation, achieving DICE of 0.96 and 0.82 for liver and lesion 

respectively. Wang et al31 developed a patient-specific adaptive CNN that was trained 

on past weekly MRI to segment lung tumors on current weekly MRI. Data augmentation 

was used to address the limited size of dataset. The proposed framework achieves a 

precision and DICE of 0.81 and 0.82 respectively. 

1.4 The integration of radiomics and deep learning 

Although radiomics and deep learning achieve promising performance in 

CAMIA, both methods have their own limitations. The radiomics analysis usually use 

hand-crafted features that are carefully designed and manually extracted based on 

previous studies or prior knowledge. Although such feature extraction is 

straightforward, these feature descriptors are unable to automatically adapt to the 

problem at hand. In addition, while radiomics features can render important 

information from medical images, many radiomics features show poor reproducibility 

and robustness. The value of radiomics features is heavily dependent on acquisition 

modes, matrix size, reconstruction algorithms, iteration numbers, image noise, and 

artifacts32-34. Unlike classic radiomics analysis that requires handcrafted feature 

extraction with experimental knowledge, deep learning models calculate a very large 

number of features simultaneously and automatically extract important features for the 

problem at hand. Nevertheless, like all other deep learning applications in medical 

image analysis, the hyperparameters in the neural network are generated without 
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explicit human knowledge intervention. Thus, the ‘black box’ nature of deep learning-

based CAMIA inhibits their interpretability, and potential clinical applications of these 

CAMIAs could be impaired by limited interpretability by clinicians. Furthermore, the 

overfitting problem of deep learning is tricky when dealing with medical imaging 

dataset with limited samples.  

Therefore, the integration of radiomics analysis and deep learning 

implementation for quantitative image analysis is conceptually appealing: on one hand, 

quantitative information extracted by deep neural network can potentially work jointly 

with radiomics features in a complementary way to improve risk modelling 

performance; on the other hand, potential interactions between radiomics features as 

handcrafted descriptors with known expressions and complex deep features may 

provide a radiomics perspective for deep learning model explanation to address well-

known ‘black-box’ issue. In this work, two different approaches were investigated to 

integrate radiomics and deep leaning on two independent tasks respectively. In the first 

approach, we included the radiomic features in the input of deep learning model. In this 

approach, we aim to develop a radiomics-boosted deep learning CAD design for chest 

X-ray based COVID-19 diagnosis. An innovative implementation of radiomics analysis 

was included to analyze deep features from 3 custom-trained neural networks for 

COVID-19, non-COVID-19 pneumonia, and healthy individuals’ classification, and such 

radiomics analysis results were then incorporated as additional image-based input 
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source for 3 improved neural network designs. The proposed methodology may 

enhance deep learning interpretability for COVID-19 diagnosis from a current radiomics 

knowledge perspective. In the second approach, we establish a novel multi-dimensional 

deep learning design that enables radiomics analysis integration. It features two 

innovative solutions: 1) classic radiomics features and deep features, i.e., latent variables 

of feature extraction layers in a deep neural network, are extracted simultaneously from 

a multi-parametric MRI protocol; and 2) radiomics features and relevant non-image 

clinical features in lower dimensions are connected to the deep features in an abstract 

feature space, and such connected feature is utilized by Support Vector Machine (SVM)35 

as a supervised machine learning model for GBM survival risk group prediction. We 

demonstrate our development using a publicly available GBM image dataset, and we 

conducted multiple comparison studies to study its potential merits. 

1.5 Literature review 

1.5.1 COVID-19 diagnosis 

Since its first discovery in 2019, the coronavirus disease (COVID-19) has affected 

more than 100 million people globally, and more than 6 million deaths related to 

COVID-19 were reported by 15th March 202236. Accurate and efficient diagnosis of 

COVID-19 is crucial to interrupt disease transmission and to start treatments of affected 

individuals. Currently, reverse transcription-polymerase chain reaction (RT-PCR) has 

been recognized as the gold standard for COVID-19 diagnosis for its high specificity37. 
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While RT-PCR test may have limited sensitivity and longtime of processing (a few hours 

to 2 days)38, radiographic procedures, including chest X-ray and CT exams, have been 

adopted clinically as alternative diagnosis tools39. While COVID-19 related abnormalities 

could be more easily found in volumetric CT images40, planar chest X-ray has its unique 

advantages in COVID-19 diagnosis. Specifically, the short imaging time on a more 

accessible X-ray unit enables rapid COVID-19 exams, which can be critical in areas with 

high-volume patients and/or limited-resource medical facilities. To date, pilot studies 

have revealed that certain X-ray image features, including peripheral consolidations and 

ground-glass opacities, have been widely observed in COVID-19 infected patients39-44. 

However, the prevalent application of chest X-ray imaging in COVID-19 diagnosis is 

challenged by relatively limited sensitivity and specificity40. Additionally, radiographic 

exams including chest X-ray may not be optimal for radiologists’ reading in the 

differentiation of non-COVID-19 pneumonia from COVID-19, which is important for 

early patient stratification that can lower COVID-19 mortality rate with more targeted 

treatments5,6.  

Computed aided diagnosis systems (CAD) may have the potential to solve the 

problem with high throughput quantitative analysis. In the last several months under 

the COVID-19 pandemic, studies revealed that CAD systems outperformed radiologists 

in radiographic-based COVID-19 diagnosis; with CAD information as reference 

information, radiologist reading results could be significantly improved5,9,45. One 
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approach for such CAD system is radiomics-based image analysis, which first extracts 

radiomics features as computation image biomarkers and then uses the extracted 

features in hand-made or machine learning classifier tasks. Although handcrafted 

radiomics features are commonly used in medical image analysis with possible 

qualitative image interpretability, the reported accuracy (75-80%) of COVID-19 

diagnosis is still limited in the representative radiomics-based CAD works46-48. Driven by 

recent theoretical developments and accesses to massive computation power, deep 

learning has demonstrated its great potential in CAD developments. It has been 

reported that deep learning solution based on artificial neural network deployment 

could achieve high (>90%) specificities in COVID-19 diagnosis against healthy 

individuals49,50; moreover, decent specificities (>85%) of differentiating COVID-19 from 

non-COVID-19 pneumonia have been achieved5,51-53.  

1.5.2 Survival prediction of GBM patient 

Arising from glial cells, glioblastoma (GBM) is the most common primary 

malignant brain tumor, accounting for 16% of all central nervous system neoplasms54. 

The average age-adjusted incidence rate of GBM is 4.43 per 100,000 population55. In the 

meantime, GBM is one of the most fatal cancers with short overall survival (OS): over 

70% of GBM patients will suffer disease progression within one year after diagnosis56, 

with a five-year survival rate of less than 5% 55.  



 

10 

For individualized patient management in clinical practice, accurate and reliable 

predictions of GBM patient survival are highly demanded to enable early treatment 

interventions and alternative strategy exploration; however, such survival prediction 

remains challenging. Studies showed that GBM patients with the same tumor 

histopathology may have significantly different survivals, which renders the 

histopathomic approach qustionable57. Radiography analysis, particularly MRI-based 

image analysis, aims at decoding radiographic phenotype of tumor and normal brain 

from high soft tissue contrast at millimeter level, and thus becomes an active field for 

GBM OS prediction58. In particular, quantitative MR image analysis via computational 

approach, represented by radiomics techniques, extracts high-level descriptive statistics 

beyond typical image rendering dimensions. These statistics were hypothesized to 

benefit GBM survival prediction in combination with advanced statistical modelling16,17. 

For instance, a representative study by Kickingereder et al extracts radiomics features 

from multi-parametric anatomical MRI exams for supervised principal analysis, and this 

approach outperformed classic risk model in low risk/high risk patient group 

stratification59. Other radiomics studies have studied quantitative MRI protocol use, 

genetic profile integration60, and novel statistical approaches61 for enhanced GBM 

survival prediction. Recently, deep learning (DL) approaches have been investigated for 

MR-based GBM OS prediction. Unlike classic radiomics analysis that requires 

handcrafted feature extraction with experimental knowledge, deep learning models 
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calculate a very large number of features simultaneously, while the risk modelling via 

deep neural network is supported by massive computations without explicit 

expressions62. To date, pilot works have reported GBM survival group stratification and 

regression based on deep learning designs63-65. 
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2 Materials and Methods 
2.1 COVID-19 and non-COVID-19 pneumonia classification  

2.1.1 Image Dataset 

In this IRB-waived retrospective study, a total of 812 chest X-ray images were 

collected from three public databases66-68, including 262/288/262 images of COVID-

19/Non-COVID-19 pneumonia/healthy individuals, respectively. The image numbers 

from the three categories were approximately the same for eliminating categorical bias 

during deep learning training. All collected images were verified by experienced 

medical physicists with proper lung X-ray display settings and with absences of overlaid 

image reading annotations. To unify image data size, all images were resized to a 

256x256 matrix grid size using b-spine interpolation and were normalized to 256 gray 

levels. 649 and 163 images (8:2) were assigned for the model training set and the 

independent test set, respectively. 

2.1.2 Neural Network Architecture 

To investigate radiomics-boosted deep learning as a general methodology, we 

studied 3 deep neural networks, VGG-16 (Figure 1 (A)) , VGG-19 (Figure 1(B)), and 

DenseNest-121 (Figure 1(C)), for COVID-19/Non-COVID-19 pneumonia/healthy 

individual classification. Based on pre-trained deep learning schemes69,70, the 

investigated 3 deep neural network share a same two-part design: the 1st part is 

convolutional base: In VGG-16 and VGG-19, the convolutional bases consist of 5 
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convolutional blocks. Each convolutional block is stacked by 2 to 4 convolutional layers 

and a max pooling layer. In each convolutional layer, the filter size is 3×3 with padding 

and stride of 1. Max-pooling is performed over a 2x2-pixel window with a stride of 2. In 

DenseNet-121, the convolutional base consists of one convolutional block and 4 dense 

block. The convolutional block consists of 7x7 convolutional layers with a stride of 2 and 

a 3x3 Max-pooling with a stride of 2. The Dense Blocks consists of 6, 12, 24, and 16 

convolutional unites, respectively. Each unite are stack by an 1x1 and a 3x3 

convolutional layers. The first 3 dense blocks are followed by 3 transition layers, which 

consist of a 1x1 convolutional layers with stride 1 and a 2x2 average pool with stride 2; 

the 2nd part is the Dense part, which is the stack of Dense layers. Depending on specific 

classification tasks, the number and size of Dense layers can be customized. In all three 

deep neural network architectures, the self-defined Dense classifier connects 

convolutional base and consists of five Dense layers with the size of 1024, 1024, 512, 256, 

and 3, respectively. The input of neural network is a three-channel image with a 

256×256×3 shape size, while the output is one of the three categorical binary label vectors, 

i.e., [1,0,0], [0,1,0], and [0,0,1], which correspond to COVID-19, non-COVID-19 

pneumonia, and healthy results, respectively. To deal with relatively small data size in 

this work, the convolutional bases loaded the weights that were pre-trained on 

ImageNet as a transfer learning scheme71. In addition, in order to make the models more 

relevant for the problem at hand, fine-tune technique was used with the last blocks 
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(marked * in Figure 1: the last convolutional blocks in VGG-16 and VGG-19, as well as 

the last dense block in DenseNet121) being set as free parameters for task-specific 

training. To avoid the occurrence of overfitting, a dropout layer was added between the 

first two Dense layers with a dropout possibility of 0.5, and soft-max activation was 

used in the output layer. 

 

Figure 1. Diagrams of the three studied deep neural network. (A) VGG-16, (B) 
VGG-19 and (C) DenseNet-121 
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2.1.3 Radiomic Feature Map Extraction 

Classic radiomics analysis calculates radiomic features as scalar values from a 

pre-defined region-of-interest (ROI) in image space. While this approach has been 

widely adopted to capture the overall textures in ROI, it cannot capture the anatomy-

driven subtle texture variations within the ROI. As such, we implement a radiomic 

feature map calculation workflow72, which is summarized in Figure 2. For RFM 

generation, a 2D kernel (13x13 matrix size) was adopted to form a region-of-interest 

(ROI), and 37 radiomic features were extracted as a 1x37 vector within this ROI 

following classic GLCOM16 (21 features) and GLRLM17 (16 features) feature extraction 

methods using 32 grey levels. For each feature, the calculated feature value was assigned 

as the pixel value centered at the ROI. By moving this 2D kernel across the X-ray image 

as a sliding window operation, 37 feature maps were formed in the same dimension as 

original X-ray images. All radiomic analysis was done using custom code that was 

benchmarked with digital phantoms73 and complies with the imaging biomarker 

standardization initiative74. 

 

Figure 2. A workflow summary of radiomic feature map (RFM) calculation in 
this work. 
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2.1.4 Model Training and Evaluation 

For each of the three investigated deep neural network architecture, 2 model 

versions were trained: in the 1st pilot model, the X-ray image is the sole model input. To 

accommodate the input shape of pre-trained neural networks, the grayscale X-ray 

images were broadcast to three channels as a network input variable. This model serves 

as the benchmarking deep learning model in this work; in the 2nd version as a radiomics-

boosted model, the grayscale X-ray image and two derived RFMs were stacked as the 3-

channel neural network input variable. These two RFMs were selected based on the 

analysis of the 1st model’s saliency map (SM), which indicates how important each pixel 

is with respect to the final classification results of the neural network in the 

benchmarking model. It is calculated as the absolute gradient of class activation which is 

defined as the dot product of prediction output and target divided by the input image75: 

a pixel with a higher intensity value in SM indicates higher importance of that pixel in 

neural network’s attention for diagnosis. The two RFMs with the highest average cross-

correlation (CC) values against the SM results in training data were selected. This action 

amplifies certain pixels (and regions) with potentially high importance of disease 

diagnosis in the image space, which could improve the overall diagnostic accuracy of 

the proposed radiomics-boosted model in comparison with the 1st pilot model.       
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To investigate model robustness, 50 runs of each model version were trained 

using the training data set (649 images). In each run, the training and validation samples 

were randomly selected following a 7:1 ratio. During deep learning training within the 

TensorFlow environment using a NvidiaTM (Santa Clara, CA) Tesla V100 graphic card, 

the loss function was categorical cross-entropy, and Adam optimizer was selected. For 

model evaluation, sensitivity, specificity, accuracy, and ROC area under the curve (AUC) 

results from both model versions were analyzed. Statistical significance of comparison 

was determined by Wilcoxon signed rank tests at level 0.05. 

 

2.2 Glioblastoma post-resection survival prediction 

2.2.1 Image Dataset 

In this study, we studied a total of 235 GBM patients from the BraTS 2020 

database76,77. Each patient has a pathologically confirmed diagnosis and a pre-operative 

multi-parametric MRI exam that included four series: T1 weighted, T2 weighted, 

contrast-enhanced T1 weighted (T1ce), and water-suppressed FLAIR (Fluid Attenuation 

Inversion Recovery). All four MR series have been co-registered with skull-skipping 

processing, and image resolutions have been unified to isotropic 1 mm3. In addition to 

survival in days following complete resection surgery, each patient has ground-truth 

tumor segmentation results from experienced neuro-radiologist contouring. These 

segmentation results include three key regions: contrast-enhanced tumor region, 
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peritumoral edema, and the necrotic/non-enhancing tumor core. In this work, these 

patients were divided into two groups: 116 patients in the short-term survival group 

(<1yr survival) and 119 patients in the long-term survival group (>1yr survival) after 

complete resection surgery. Such group assignment follows most clinical relevance for a 

balanced data group assignment.   

2.2.2 Model Design 

Figure 3 summarizes the overall design of our radiomics-integrated deep 

learning workflow for GBM survival group prediction. As illustrated, multi-dimensional 

data processing comprises three branches. In the 1st branch, radiomics features are 

calculated using each MR modality from selected regions-of-interest (ROIs), and 

dimension reduction methods are adopted to select condensed radiomics features from 

the whole feature space. In the 2nd branch, an encoding neural network architecture is 

trained using each single MR modality for short-term/long-term survival prediction. 

Higher level features from last two dense layers are extracted as deep features, followed 

by dimension reduction processing. In the 3rd branch, the patient-specific clinical 

features (PSCF) were collected from the dataset. Due to the public dataset content, we 

collected patient age at the time of surgery and calculated 3 tumor region volumes (i.e., 

contrast-enhanced region, non-enhancing region, and peritumoral edema) based on 

ground-truth segmentation results. Finally, data from all three branches are fused as an 

integrated input for SVM modelling to predict the survival group. In this work, we 
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investigated different strategies of the designed model implementation, including 1) 

2D/3D approaches of image analysis; 2) different dimension reduction strategies; and 3) 

different combinations of SVM input design from the three branches. The whole patient 

dataset was divided into training, validation, and test set following a ratio of 7:1:2. 

 

Figure 3. A flowchart illustration of the radiomics-integrated deep learning 
model. A total of 3 data branches are included, top: radiomics features; middle: deep 
features; bottom: patient-specific clinical features were extracted and compressed as 
the fussed input of SVM 

2.2.2.1 Radiomics Analysis 

In this work, we extracted 22 textural features from Gray Level Co-Occurrence 

Matrix (GLCOM)16 and 16 textural features from Gray Level Run Length Matrix 

(GLRLM)17 using our in-house radiomics software package73,78, and features from three 

segmentation regions, i.e., contrast-enhanced tumor region, peritumoral edema, and the 

necrotic tumor core, were collected. In 2D based analysis, the axial slice with the biggest 

cross-sectional area of the contrast-enhanced tumor region was selected, and radiomics 
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features were extracted from the three segmented regions in the selected slice. In 3D 

based analysis, radiomics features were extracted from the 3D segmentation of the 

regions with isotropic resolution. Therefore, 456 radiomics features ((22+16) features x 4 

MR modalities x 3 regions) were derived from each patient in 2D/3D analysis. It is a 

known issue that radiomics features may demonstrate high correlations with each 

other79. As such, proper dimension reduction methods are in demand to reduce the 

influence of repetitive information and overfitting possibilities. In this work, we studied 

two approaches in feature selection: principal component analysis (PCA) and 

dissimilarity analysis. In the PCA approach, 14 main components were obtained for 

maintaining >90% explain ratio of original full radiomics feature space. In dissimilarity 

analysis, radiomics features that maximized differences between long-term and short-

term survival groups were selected based on the defined dissimilarity below:      

 

where mean(S) and mean(L) refer to the mean values of the feature over short-

term and long-term survival patient groups, respectively. 7 radiomics features were 

selected with dissimilarity over the threshold of 0.15.  

2.2.2.2 Deep Feature Extraction 

In this work, we adopted different deep neural network designs in the 2nd branch 

of Figure 3 to accommodate 2D and 3D based image analysis. Figure 4A summarizes the 
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deep neural network for 2D image inputs. Based on a pre-trained VGG-16 architecture69, 

the network consists of two parts: the 1st  part is a convolutional base with 5 

convolutional blocks. Each convolutional block is stacked by 2 or 3 convolutional layers 

and a max-pooling layer. In each convolutional layer, the filter size is 3×3 with padding 

and stride of 1. Max-pooling is performed over a 2x2-pixel window with a stride of 2. 

The 2nd part is the dense part, which is the stack of 5 dense layers with the size of 1024, 

1024, 512, 256, and 3, respectively. To avoid the occurrence of overfitting, a dropout 

layer was added between the first two Dense layers with a dropout possibility of 0.5, 

and soft-max activation was used in the output layer. The input of the neural network is 

a three-channel image with a 160×208×3 shape size following the BraTS dataset 

specification, while the output is categorical binary label vectors, i.e., [1,0] and [0,1], 

which correspond to short-term and long-term survival groups, respectively. To deal 

with relatively small data size in this work, the convolutional base loaded the weights 

that were pre-trained on ImageNet80 as a transfer learning scheme81.  

Figure 4B summarizes the deep neural network for 3D image inputs. Similarly, 

the proposed 3D CNN architecture consists of a convolutional base and dense part. The 

convolutional base is constructed based on the encoding part of U-Net architecture82. 

The convolutional base is loaded with the weights that are pre-trained with the 

segmentation task on a medical imaging dataset83,84. The convolutional base consists of 4 

convolutional blocks. Each convolutional block is stacked by 2 or 3 3D convolutional 
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layers and a 3D max-pooling layer. In each convolutional layer, the filter size is 3 x 3 x 3 

with padding and stride of 1. Max-pooling is performed over a 2 x 2 x 2-pixel window 

with a stride of 2. The dense part is the stack of 2 dense layers with a size of 1024 and 2. 

Soft-max activation was used in the output layer. 

 

Figure 4. Diagrams of the studied deep neural network: a. VGG-16 architecture 
for 2D based analysis. b. The encoding part of U-net for 3D based analysis. 

2.2.2.3 SVM Design 

The extracted features in Figure 3 were concatenated as a fused feature, an SVM 

model was trained to predict short-term/long-term survival group results. Prior to SVM 

training, all integrated inputs were normalized to [-1, 1] range. During SVM training, a 
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linear kernel was selected to enable studies of input components’ contribution to final 

prediction results. The C value, which represents misclassifying tolerance during 

training, was set to 4085. 

2.2.3 Comparison Studies 

We evaluated the performance of the proposed deep learning design in a two-

fold comparison study design. First, we compare GBM survival group prediction 

accuracies using sole data source, i.e., deep learning network results, radiomics 

modelling results, and PSCF modelling results. A same SVM design was used for 

radiomics modelling and PSCF modelling. As the next step, we compared prediction 

accuracies of our proposed deep learning model with different radiomics dimension 

reduction strategies and different integrated feature designs of SVM input in Figure 3. 

Both 2D and 3D scenarios were studies.  
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3. Result 
3.1 COVID-19 and non-COVID-19 pneumonia classification  

Figure 5 shows an example of image comparison in the pilot model of VGG-16, 

i.e., the one using X-ray only as input. As illustrated, the identified RFMs, GLCOM 

Entropy (CC = 0.33) RFM, and GLRLM Short Run Emphasis (SRE) (CC = 0.31), render 

more tissue textural variations in both lung and other soft tissue regions than original X-

ray images. Similarly, GLCOM Entropy (CC = 0.32) and GLCOM Sum Entropy (CC = 

0.31) RFMs were selected from VGG-19 pilot model, while the GLCOM Sum Average 

(CC = 0.27) and GLRLM Short Run High Gray Level Emphasis (SRHGLE) (CC = 0.28) 

RFMs were selected from DenseNet-121 pilot model. 
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Figure 5. Image comparisons from 3 example cases for the VGG-16 pilot model. 
The GLRLM SRE RFMs and saliency map (overlaid with X-ray image) are illustrated 
in 0.3 power scale. 

Table 1 summarizes the quantitative comparisons of sensitivity, specificity, 

accuracy, and ROC AUC between pilot models and radiomics-boosted models. For 

VGG-16 architecture, the radiomics-boosted deep learning model achieved statistical 

improvements in all parameters with p < 0.05. The largest improvements were observed 

in non-COVID-19 pneumonia diagnosis. Additionally, the reduced standard deviations 

of the reported statistics indicated the enhanced robustness of the radiomics-boosted 

deep learning design. These quantitative results highlight the superiority of the 

proposed radiomics-boosted deep learning model in the context of VGG-16 architecture. 

The standard deviation of 50 runs is less than 3%, reaching a high level of robustness. 
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For VGG-19 architecture, the mean values of all parameters were higher in the 

radiomics-boosted model than the pilot model; however, the observed numerical 

improvements were small, and only a few improvements were found with statistical 

significance in COVID-19 and healthy class results. The standard deviations were also 

reduced as indicators of improved model robustness. Results from DenseNet-121 

architecture were similar to VGG-16 and VGG-19 results except for non-COVID-19 

pneumonia classification, in which mixed impacts in the radiomics-boosted model were 

presented; nevertheless, the radiomics-boosted model did improve COVID-19 and 

healthy individual classification performance and increased model robustness in the 

healthy individual classification. As a summary, the radiomics-boosted design achieved 

best performance in COVID-19 diagnosis in both VGG-16 and VGG-19 architecture 

applications, while it achieved the best performance in healthy individual classification 

in DenseNet-121 architecture application. 
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Table 1. Sensitivity, specificity, accuracy, and ROC AUC results summaries of 
top: VGG-16 architecture, middle: VGG-19 architecture, bottom: DenseNet-121 

architecture. The mean values and standard deviation of 50 trained runs are reported. 

 VGG-16 
Healthy Non-COVID-19 pneumonia COVID-19 

X-ray X-ray+RFM X-ray X-ray+RFM X-ray X-ray+RFM 

Sensitivity 0.854±0.065 0.922±0.059* 0.780±0.092 0.857±0.0361* 0.903±0.071 0.949±0.036* 

Specificity 0.918±0.044 0.938±0.022* 0.941±0.041 0.963±0.023* 0.940±0.037 0.973±0.020* 

Accuracy 0.895±0.029 0.933±0.023* 0.892±0.029 0.931±0.016* 0.927±0.028 0.965±0.016* 

AUC 0.948±0.027 0.979±0.012* 0.918±0.043 0.969±0.017* 0.963±0.023 0.993±0.006* 

 

VGG-19 
Healthy Non-COVID-19 pneumonia COVID-19 

X-ray X-ray+RFM X-ray X-ray+RFM X-ray X-ray+RFM 

Sensitivity 0.902±0.097 0.921±0.053 0.824±0.059 0.854±0.041 0.933±0.047 0.969±0.039* 

Specificity 0.920±0.030 0.940±0.013* 0.969±0.017 0.972±0.020 0.969±0.028 0.975±0.023 

Accuracy 0.914±0.032 0.933±0.019 0.925±0.025 0.936±0.013 0.956±0.023 0.973±0.017* 

AUC 0.970±0.015 0.978±0.007 0.964±0.028 0.970±0.013 0.987±0.013 0.994±0.006* 

 

DenseNet-121 
Healthy Non-COVID-19 pneumonia COVID-19 

X-ray X-ray+RFM X-ray X-ray+RFM X-ray X-ray+RFM 

Sensitivity 0.810±0.210 0.948±0.048* 0.902±0.070 0.872±0.042 0.747±0.150 0.800±0.061 

Specificity 0.920±0.049 0.924±0.045* 0.850±0.109 0.922±0.036* 0.971±0.037 0.994±0.014* 

Accuracy 0.881±0.056 0.920±0.020* 0.866±0.060 0.907±0.017* 0.896±0.038 0.928±0.024* 

AUC 0.962±0.022 0.989±0.008* 0.963±0.017 0.949±0.022 0.964±0.022 0.972±0.027 

 

Figure 6 summarizes the ROC analysis results of the three studied architectures. 

The blue and red solid lines represent the average ROC results of 50 runs of two deep 

model versions (X-ray only vs. X-ray + RFM), and the colored bands represent the model 

performance variation as ±1 standard deviation. For VGG-16 architecture (Figure 6a), 

radiomics-boosted design improved ROC results of all three classification tasks, and the 
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largest performance improvement was observed in non-COVID-19 pneumonia 

diagnosis. Additionally, the radiomics-boosted deep learning model has narrower ROC 

bandwidth, which suggests the enhanced robustness of its design under different data 

sample uses. The same improvements were also observed in VGG-19 results (Figure 6b), 

but the improvements’ magnitudes were smaller than ones in VGG-16 results, which 

was mainly contributed by the higher performance of VGG-19 prior to radiomics-

boosted implementation. In Figure 6c of DenseNet-121 results, while the ROC 

improvement by radiomics-boosted design was prominent in healthy individual 

classification, the improvement in COVID-19 diagnosis was limited. As reported in 

Table 1, the ROC result in non-COVID-19-pneumonia showed a slightly decreased 

performance after radiomics-boosted design, though such decrease was found no 

statistical significance. 
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Figure 6. The ROC results of pilot model vs radiomics-boosted model using (a) 
VGG-16; (b). VGG-19; and (c). DenseNet-121 deep neural network architecture. 0.3 
power scale was used in the y axis to highlight the difference. 

As an example of saliency map (SM) visualization, the SM results of the VGG-16 

architecture are illustrated in the last column of Figure 5. The pixel values in SM can be 

interpreted as the attention of the deep learning model. As seen, the attention patterns, 

i.e., colored hot regions distribution in SMs, demonstrated prominent spatial 

heterogeneity across the image field-of-view. In addition, the current SM illustration 

suggests potential class-specific spatial patterns of deep network attention: more 
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attention might be drawn to lateral lung regions for COVID-19 detection, while 

mediastinum regions might be attention focus for non-COVID-19 pneumonia detection. 

In order to quantitatively analyze the attention patterns across different patient cohorts, 

we calculated the CC matrix for SMs of all three radiomics-boosted architectures in the 

test set in Figure 7, which includes all the CCs between paired SM results from the test 

set. For VGG-16 and VGG-19 results, CCs within each cohort were relatively higher than 

those calculated across different cohorts. This result suggests that the developed deep 

learning model captured cohort-specific features for the classification task. Additionally, 

the mean CC result of COVID-19 vs non-COVID-19 pneumonia (VGG-16:0.12; VGG-19: 

0.10) cohort was slightly higher than the result of COVID-19 vs Healthy cohorts (VGG-

16:0.07; VGG-19: 0.08) and non-COVID-19 pneumonia vs Healthy cohorts (VGG-16:0.09; 

VGG-19: 0.09). This observed COVID-19/non-COVID-19 pneumonia similarity supports 

the clinical reports of challenges in COVID-19/non-COVID-19 pneumonia 

differentiation5,6. For the DenseNet-121, however, all reported CCs were very small and 

were an order smaller than those in VGG-16 and VGG-19 results. These results suggest 

that SM from DenseNet-121 architecture did not capture meaningful class-specific 

spatial patterns. 
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Figure 7. The SM cross-correlation matrix of radiomics-boosted model on test 
set for left: VGG-16; middle: VGG-19; right: DenseNet121 architectures. The x and y 
axis represents the sample ID in the test set, sorting with the order of healthy/non-
COVID-19 pneumonia/COVID-19 cohorts. 

 

3.2 Glioblastoma Post-Resection Survival Prediction 

Table 2 summarizes the survival prediction results from vanilla deep learning 

results, i.e., classification results from deep neural networks’ output in Figure 4. In 

general, when using single MR modality only, deep neural network results in the test set 

are not promising and the average accuracy result is around 0.5. The best single-input 

result using 3D FLAIR volumes achieved an accuracy of 0.570 in the test set, but the 

accuracy in the training set was not satisfying (= 0.54). As a reference, when multiple MR 

modalities were used as deep neural network input, the combination of FLAIR, T1ce, 

and T2 were found with the best and yet unsatisfying performances in both 2D and 3D 

execution. In sum, the current results suggest that GBM survival group prediction based 
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on classic MR-based deep learning implementation is limited; this observation is 

consistent with the challenging GBM survival group prediction task in clinic. 

Table 2. Survival group prediction results of deep neural network output as in  
Figure 4. 

Input 2D 3D 
Train Accuracy Test Accuracy Train Accuracy Test Accuracy 

Flair 0.859 0.509 0.540 0.570 
T1 0.772 0.502 0.565 0.483 

T1ce 0.897 0.545 0.513 0.568 
T2 0.913 0.551 0.604 0.436 

FLAIR+T1ce+T2 0.855 0.530 0.521 0.542 
 

The results of SVM execution in Figure 3 using single branch, i.e., radiomics 

feature (RF), deep feature (DF), or PSCF (age + tumor region volumes), are summarized 

in Table 3. When deep features were used, the best accuracy results in the test set were 

0.660 in 2D scenario (DFFLAIR +DFT1ce+DFT2) and 0.596 in 3D scenario (DFFLAIR +DFT1+DFT2); 

these results are improved from Table 2 results. Note that 2D scenario result is better 

than 3D scenario result. When radiomics features were used, features selected by 

dissimilarity analysis (RFDA) outperformed the features selected by PCA (RFPCA) in both 

2D and 3D scenarios. When PSCF was used, the prediction accuracy in test accuracy was 

0.638, which is better than results from radiomics feature utilization. 
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Table 3. Survival group prediction results of SVM implementation with single 
data source branch in Figure 3. DF: deep feature; RF: radiomics feature; TS: tumor size 

Input 2D 3D 
Train Accuracy Test Accuracy Train Accuracy Test Accuracy 

DFFLAIR +DFT1(ce)+DFT2 0.984 0.660 0.718 0.596 
RFPCA 0.622 0.511 0.622 0.511 
RFDA 0.601 0.574 0.590 0.596 
PSCF 0.697 0.638 0.697 0.638 

 

Table 4 summarizes the key results of the proposed deep learning model in 

Figure 3 with multiple data branch sources. When radiomics features were utilized 

together with PSCF, the test group accuracy result was improved from 0.638 (Table 3) to 

0.681 in 3D scenario. Similarly, when deep features were utilized together with PSCF, 

the accuracy was further improved to 0.723. When deep features were included together 

with PSCF and radiomics features, the achieved test group accuracy was further 

improved to 0.745 in both 2D scenario (PSCF + RFDA + DFT1ce) and 3D scenario (PSCF + 

RFDA + DFFLAIR + DFT1ce + DFT2). The corresponding ROC curves of the identified two 

models are illustrated in Figure 8. Both curves exhibited similar shapes, and the area-

under-curves (AUC) values were 0.69 for the 2D model curve (blue) and 0.71 for the 3D 

model curve (red). In a nutshell, both 2D and 3D implementation of the proposed multi-

dimensional deep learning model achieved the same level of accuracy in GBM survival 

group prediction. 
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Table 4. Survival group prediction results of SVM implementation with 
multiple data source branches in Figure 3. DF: deep feature; RF: radiomics feature; TS: 

tumor size. The best results in 2D and 3D scenarios are highlighted. 

Input 2D 3D 
Train Accuracy Test Accuracy Train Accuracy Test Accuracy 

PSCF + RFDA 0.622 0.511 0.718 0.681 
PSCF + DFFLAIR 0.697 0.638 0.718 0.723 

PSCF + RFDA+ DFT1ce 0.941 0.745 0.707 0.702 
PSCF + RFDA+ DFT2 0.957 0.638 0.755 0.617 

PSCF +RFDA+DFFLAIR+ 
DFT1ce+DFT2 

0.984 0.574 0.777 0.745 

 

 

Figure 8. The ROC curves from the identified multi-dimensional deep 
learning model with the best accuracy results in 2D (blue) and 3D (red) scenarios. 

To evaluate the relative contribution of different features to the final prediction 

results in SVM execution, we calculated the SVM coefficient of each feature from the 

aforementioned best models in 2D and 3D scenarios. These results are shown in Figure 9. 

In general, all three categories’ features demonstrated certain contributions to the final 

prediction results. Although some contribution differences from three categories are 
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observed, none of the categories made dominant contributions in both 2D and 3D 

scenarios. The feature with the highest coefficient was found within deep feature group 

in 2D scenario and within radiomics feature group in 3D scenario, respectively. These 

results suggest that the proposed model utilized the information from different data 

source branches in a complementary way without unbalanced focus. 

 

Figure 9. SVM coefficients of features in 2D (left) and 3D (right) models with 
the best prediction accuracy results. PSCF: patient-specific clinical feature (age and 
tumor size); RF: radiomics feature; DF: deep feature 
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4. Conclusion 
4.1 COVID-19 and non-COVID-19 pneumonia classification 

To our best knowledge, this work is the first of its kind for combining radiomic 

analysis and deep neural network implementation. The results of this work 

demonstrated that the inclusion of radiomic feature maps, as a new form of handcrafted 

imaging biomarker rendering, can improve deep learning-based COVID-19 detection. 

With the aid of RFMs, we achieve higher model performances for COVID-19/non-

COVID-19 pneumonia/Healthy classification with a smaller (812 patients in total) than 

reported work. For example, Zhang et al.5 achieved a sensitivity of 88% and a specificity 

of 79% in COVID-19/non-COVID-19 pneumonia diagnosis with a dataset of 2060 

patients. Nishio et al.51 achieved an accuracy of 83.7% for 3 categories of classification 

(Healthy/non-COVID-19 pneumonia/COVID-19) using the VGG-16 model trained on 

1248 images. Tulin et al.53. achieved an accuracy of 87.0% for tri-class classification 

(Healthy/non-COVID-19 pneumonia/COVID-19) using the Darknet-19. In this work, we 

studied a total of 812 chest X-ray images from 3 public datasets66-68, which were not 

curated by the typical medical image study protocols. As a result, proper image 

processing is necessary for streamlined deep learning implementation. In particular, we 

resized all images to 256x256 grid size and normalized all images to 256 gray levels as 

uint8 format. These operations are standard in digital image processing which will 

facilitate the data reproducibility of this work. In addition, the robustness of the 
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developed model was systematically analyzed. For each model design, we trained 50 

runs of models using randomly selected training and validation samples following a 

ratio of 7:1. The small standard deviation (< 0.06) of selected metrics and ROC results 

revealed the enhanced robustness of the developed model, which further demonstrates 

the potential of the radiomics-boosted deep learning design in clinical situations using 

different X-ray image data sources.  

The deep learning implementations in this work adopted three commonly used 

deep neural network architectures based on a transfer learning scheme. VGG-16 was 

first selected for the following reason:  1) it has been widely studied for medical image 

analysis tasks as a transfer learning scheme; 2) in comparison with other prevalent 

candidates, VGG-16 possesses a smaller number of trainable parameters under the 

transfer learning scheme and thus leads to reduced calculation workload for network 

training; and 3) previous studies51 reported that VGG-16 achieved the highest accuracy 

in COVID-19 diagnosis tasks in comparison with several other pre-trained deep neural 

network architectures. In addition to VGG-16, we studied VGG-19 and DenseNet-121 for 

the proposed radiomics-boosted design. As reported in Figure 6 and Figure 7, results of 

VGG-19 after the radiomics-boosted design were similar to the ones in VGG-16 

implementation, which can be attributed to the high similarity of network architecture 

shown in Figure 169. On the other hand, the performance improvement after the 

radiomics-boosted design was higher in VGG-16 application than in VGG-19 application: 
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this can be explained by the fact that classification performance from VGG-19 using X-

ray image only was higher than ones from VGG-16. Although the total trainable 

parameter numbers under the transfer learning scheme were approximately the same in 

VGG-16 and VGG-19, VGG-19 has a larger dimension with more total parameters due to 

the three additional convolutional layers. Overall, the proposed radiomics-boosted 

design still improved VGG-19 performance in terms of the 4 classification evaluators as 

well as model robustness. In the DenseNet-121 study, the improvements after radiomics-

boosted design were rather limited. While radiomics-boosted design improved healthy 

individual classification results with statistical significance, ROC results in non-COVID-

19 pneumonia classification showed a slight performance decrease. A plausible 

explanation is a fact that DenseNet-121 has a larger dimension with more trainable 

parameters (>70m) than VGG-16 and VGG-19 (~40m) under the transfer learning scheme. 

In addition, DenseNet-121 has more parameters in total (>75m) than VGG-19 (~55m). As 

such, a larger X-ray image set might be necessary to exploit the full potential of the 

proposed radiomics-boosted design in the DenseNet-121 application. Nevertheless, the 

current results, especially the prominent performance improvement in healthy 

individual classification, are sufficient to support the benefit of radiomics-boosted 

design in the DenseNet-121 application.  

The inclusion of radiomic feature maps (RFMs) is a key technical innovation. 

Instead of calculating radiomic features as scalar values from selected volumes in image 
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space, RFMs capture the anatomy-driven subtle texture variations within ROIs. It has 

been demonstrated that radiomics are associated with pulmonary function86 and lung 

ventilation measurements72; as such, the potential functional information in RFMs 

contributes to the enhanced COVID-19 diagnosis accuracy. The selection of two RFMs 

from 37 RFMs is more than a trivial task: while direct comparisons of all possible RFM 

combinations are feasible, it requires a high computational cost without the potential of 

transferring this technique to other clinical applications. Driven by the hypothesis that 

certain RFMs can be related to neural network hyperparameters, we selected RFMs 

based on similarity metrics between RFMs and neural network saliency maps (SMs) 

which measure the attention pattern of the network implementation. Such a pattern can 

be used as an auxiliary tool for radiologists in image reading, i.e., highlighting specific 

regions as visual clues for human reading. This potential human-aid tool can be 

important in accurate COVID-19/Non-COVID-19 pneumonia differentiation, which can 

be a challenging task for radiologists using chest X-ray images without volumetric 

information5. RFMs with higher similarities to SMs could emphasize regional 

information to enhance neural network attention, which increases synchronously with 

SM results. It is worth mentioning that both VGG-16 and VGG-19 results identified 

GLCOM Entropy based on SM results, which emphasizes the similarity of the two deep 

learning architectures. In addition to the current design, it would be of interest to 

investigate other RFM selection mechanisms that can be complementary to the SM 
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results (i.e., based on ‘dissimilarity’) for potential performance improvement. DenseNet-

121 SM results in Figure 7, however, did not show recognized class-specific SM spatial 

patterns in comparison with VGG-16 and VGG-19. The absence of such patterns may 

stem from the potentially limited sample size due to large variable numbers of 

DenseNet-121. Additionally, ImageNet-based transfer learning may affect SM 

calculation results as well. Future works of DenseNet-121 analysis, based on full training 

from scratch or transfer learning from an X-ray-specific dataset, are of our interest to 

continue SM-based deep learning interpretability studies.   

The presented design of combining radiomics analysis and deep neural network 

implementation may create a new paradigm of the CAD system. The implemented RFM 

calculation workflow may also enhance neural network performance in other tasks, 

particularly those where multi-channel imaging data are required as input87. 

Additionally, the proposed method provides a radiomics perspective of deep learning 

interpretability. The hyperparameters in the neural network are trained without explicit 

human knowledge intervention and thus are hard to interpret by empirical knowledge. 

For deep learning-based CAD systems, the ‘black box’ nature impaired the clinical 

deployments of such systems without clinicians’ confidence. As a step towards deep 

learning interpretability, we investigated neural network attention information using a 

radiomics-based analysis. Radiomics has been widely studied as computational imaging 

biomarkers for disease detection and outcome monitoring88, and it has been 
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demonstrated that radiomic feature spaces can be mathematically decomposed to 

provide interpration89. Following the saliency map analysis approach in this work, 

additional parameters can be used to enhance deep learning interpretability, such as 

histology samples images from biopsy and anatomy contours from radiation therapy. 

These directions will be studied in future works when appropriate datasets become 

available. 

4.2 Glioblastoma post-resection survival prediction 

In this approach, we developed a novel deep learning model that enables 

radiomics analysis integration for treatment outcome prediction. To our best knowledge, 

this work is the first of its kind in multi-dimensional feature fusion for GBM survival 

group prediction. As handcrafted computational features with known expression, 

radiomics features reflect quantitative evaluations of high-order statistics that describe 

image intensity distribution patterns. On the other hand, deep features embedded in a 

deep neural network learnt image-specific patterns in high-dimensional feature space 

automatically without analytical expression. The two feature types were hypothesized to 

possess complementary information due to different feature extraction processes, and 

thus the combination of the two types in a single machine learning model can 

potentially improve MR-based GBM survival group prediction with their different 

extraction. In current clinical practice, basic patient information, including patient age at 

surgery, tumor location, and tumor size, are reasonable indicators of GBM post-surgery 
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survival time90-94. Our results in Table 3 reported that when using age + tumor region 

volumes only, the survival group prediction accuracy reached a decent level of 0.638. 

Results showed that the joint use of radiomics features, deep features, and patient-

specific clinical features further improved prediction accuracy to 0.745, suggesting that 

the great potential of the current study design in clinical practice. It is worth mentioning 

that the best models in 2D and 3D scenarios achieved the same accuracy of 0.745 in 

Table 4 and very close ROC AUC results in Figure 8 (2D: 0.69; 3D: 0.71). This result 

suggests that 2D-based model execution, though with different feature selection results, 

could be equivalent to 3D-based model execution in terms of results. Intuitively, 3D-

based model design is believed to be superior to 2D-based model design with additional 

volumetric information. With additional high-throughput computation capability, deep 

neural network may extract sufficient radiography information based on the central 2D 

axial slice, particularly for GBM patients with large tumor sizes and discernable 

radiograph patterns. Thus, the 2D execution of the proposed deep learning model could 

reach the same performance as in 3D execution. For potential clinical application, 2D 

execution of the current model design might be favored with its lighter model design 

and less computational load, which are more important when working with larger 

patient datasets.      
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Currently, we studied the GBM survival prediction as a bi-class classification 

problem with 1-yr as short-term/long-term group threshold. This threshold was set 

based on two reasons: first, it generally agrees with the clinical observation that many 

patients demonstrated progression after 1-yr survival58; and second, it ensures 

approximately balanced group sizes for radiomics analysis and deep learning 

implementation. It would be appealing to study survival group prediction as a 

regression problem to indicate results in terms of days/months. Due to the limited 

sample size, however, the regression problem design could not converge to extract 

discernable patterns other than population average results. In future works with 

enlarged dataset either from a single institution or from multi-institution collaborations, 

we plan to extend the current feature fusion architecture in regression problem settings. 

In radiomics analysis as presented in Figure 3, two different dimension reduction 

approaches were investigated to condense radiomic information. Results in Table 3 

showed that results by dissimilarity analysis (DA) outperformed principal component 

analysis (PCA) in both 2D and 3D scenarios. The adopted dissimilarity metric intends to 

select a group of features with less common information to emphasize their 

complementary roles in modelling. Meanwhile, the extracted principal components in 

PCA no longer preserve the original form of radiomics features, which may degenerate 

the embedded analytical information of radiomics features during SVM execution. Thus, 

dissimilarity analysis may be a better candidate of dimension reduction technique for 
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radiomics features. During deep feature dimension reduction, dissimilarity analysis was 

not studied because deep features did not demonstrate meaningful numerical values of 

dissimilarity, and thus feature selection was not successful; this can be attributed to the 

fact that deep features are high dimensional statistics without analytical expression, and 

thus the value-based dissimilarity as 1st order statistics is too simple to summarize deep 

feature patterns. Additionally, deep features are supposed to capture latent differences 

between the two patient groups during the training, and the dissimilarity measurement 

may redundantly emphasize the data inhomogeneity. Nevertheless, it might be too 

immature to rule out the data sample size issue here. When an enlarged dataset becomes 

available, deep feature dimension reduction will be scrutinized as additional 

comparison studies.   

Besides GBM survival group prediction, the current deep learning model design 

can be generalized to other oncology applications of outcome prediction based on the 

technical premise of radiomics analysis and deep learning applicability. In addition, 

more data source branches, such as genetic profile (i.e., radiogenomic integration95), can 

be added to the current design in Figure 3 as a ‘Multi-omics’ solution. We anticipate 

such works may happen soon when relevant data can be available as in potential multi-

institutional collaboration.  
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