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Abstract

Automatic survival prediction of gliomas from brain magnetic resonance imag-

ing (MRI) volumes is an essential step for a patient's prognosis analysis. Radio-

mics research delivers beneficial feature information from MRI imaging which

is substantially required by clinicians and oncologists for predicting disease

prognosis for precise surgical treatment and planning. In recent years, the suc-

cess of deep learning has been vast in the field of medical imaging, and it

shows state-of-the-art performance in applications like segmentation, classifi-

cation, regression, and detection. Therefore, in this paper, we proposed a col-

lective method using deep learning and radiomics techniques for the survival

prediction of brain tumor patients. We first propose a hierarchical channel

attention (HAM) module and a multi-scale-aware feature enhancement

(MSAFE) to efficiently fuse adjacent hierarchical features in the proposed seg-

mentation model. After segmentation, deep/latent features (LCNN) are

extracted from the bottom layer of the proposed segmentation model. Later,

we extracted selected radiomics features (histogram, location, and shape) using

input images and segmented masks from the proposed segmentation model.

Further, the 3D deep learning regressor has been trained for 3D regressor-

based deep feature extraction. We proposed the method of overall survival pre-

diction for the brain tumor patients by combining all the meaningful features

including clinical features (age) that also favorably contribute to the survival

days prediction for the glioma's patients. To predict the survival days for each

patient, the selected features are trained to analyze the performance of various

regression techniques like random forest (RF), decision tree (DT), and

XGBoost. Our proposed combined feature-based method achieved the highest

performance for survival days prediction over the state-of-the-art methods. We

also perform extensive experiments to show the effectiveness of each feature

extraction method. The experimental results infer that deep learning-based
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features along with radiomic features and clinical features are truly vital para-

digms to estimate survival days.
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1 | INTRODUCTION

Gliomas are the most common brain tumor disease
developed from glial cells with the greatest mortality rate.
There are 190 000 glioma cases annually occurring world-
wide.1 Approximately 12 months2 is the average survival
time of glioma patients and 24 months after surgical
resection,3 roughly 90% of patients unluckily die due to
this disease. For automatic survival prediction and treat-
ment planning, automatic delineation, early detection,
and volume estimation are important tasks in detecting
gliomas. Due to the high variation of shape, appearance,
and location of gliomas, it is a challenging task to localize
and delineate the gliomas using conventional segmenta-
tion methods. Moreover, human experts need to closely
monitor the manual segmentation annotation of tumor
tissue which is a tedious and time-consuming task. Con-
sequently, there is always a need for automatic, accurate,
and faster methods for segmentation and survival rate
prediction that could be helpful for the diagnosis and
treatment of gliomas. The volume, shape, textural, and
intensity extracted from radiographic images are known
as radiomics.4

Radiomics includes numerous important disciplines,
incorporating computer vision for quantitative feature
extraction, radiology for imaging interpretation, and
machine learning for classifier5 assessment and regres-
sion.6 Various radiomics-based models have been pre-
sented for survival prediction,7 and distant metastasis
prediction.8 Shboul et al.9 proposed texture, area, volume,
and Euler characteristics-based radiomics features from
different intra-tumor parts. They achieved 0.519 accura-
cies in survival prediction tasks in brain tumor segmenta-
tion (BraTS) 2018 test data. Feng et al.10 proposed basic
machine learning-based algorithms such as simple linear
regressors using some volume, surface area, and direc-
tional gradient features for survival prediction. Their
method was overfitted due to a small set of feature extrac-
tion and did not optimize well for survival prediction.

Chaddad et al.4 used a gradient boosting algorithm
and random forest machine learning methods based on
multi-scale texture features for survival prediction.
Osman et al.11 presented 147 sets of radiomics image fea-
tures using three tumor subregions and used the Least

Absolute Shrinkage and Selection Operator (LASSO)
regression model for survival prediction. Sun et al.12 pre-
sented 4524 radiomic features from the segmented area
of the tumor and used a decision tree machine learning
model for survival prediction. Baid et al.13 proposed a
gray-level co-occurrence matrix, shape features, and first-
order statistics features, they used artificial neural net-
work (ANN) model for survival prediction. Kim et al.14

introduced radiological features from MR images and
used the LASSO model for survival days prediction.
Weninger et al.15 proposed volume, distance, the center
of the mass tumor, and age radiomics features using lin-
ear regression for survival prediction. Wang et al.16 pro-
posed radiomics analysis software to extract 43 unique
quantitative features and support vector machine (SVM)
machine learning model used for survival prediction.

Recently, deep learning models achieved state-of-the-
art performance in medical image analysis for regression,
classification,17 segmentation,18,19 and detection applica-
tion.20 The deep learning-based models produced an
excellent performance in recognizing objects and diag-
nosing diseases from medical images.21,22

Khan et al.23 proposed deep learning-based segmenta-
tion models to extract CNN features and combined hand-
crafted features such as texture, histogram, volume, area,
and run length. Banerjee et al.24 presented a deep learning-
based method for survival prediction using BraTs 2019 data-
set. Their approach did not achieve better performance in
the overall survival prediction task. Alain et al.25 proposed a
residual convolutional neural network segmentation model
to extract volume, heterogeneity, rim width, and surface
irregularity features from the segmented tumor.

Mubarak et al.26 proposed a CNN model and extracted
volume, heterogeneity, rim width, and surface irregularity
from the segmented tumor. Further, they combined imag-
ing and clinical features for survival prediction.

Huang et al.27 proposed a non-local module-based
VNet model to segment brain tumors. Further, they have
extracted CNN-based deep features and imaging radio-
mics features. They tested their method using the BraTS
2020 dataset and achieved a 79% dice score for segmenta-
tion and 311.5 RMSE values in survival days prediction.

Sveinn P�alsson et al.28 proposed imaging features and
used a machine-learning model for survival prediction.
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They tested their method on the BRaTs 2020 dataset and
achieved a 0.61 C score between predicted and ground-
truth survival days.

CNN-based features are robust and automatically
extracted from images without manual intervention. In con-
trast, the traditional methods used handcrafted features like
radiomics, and the data-driven-based approach extracted
imaging features automatically like for complex segmenta-
tion tasks. It validated from the literature that high-level
features like shapes extract global semantic information
and low-level features like contours extract details of spatial
structural information. Hence, the features from different
neural network layers are used to combine effective features
from previous cascaded layers intuitively.

In this article, we proposed an attention-based convo-
lutional neural network (CNN). We propose a multi-
scale-aware feature enhancement (MSAFE) module that
adjusts the receptive fields dynamically to produce effi-
cient features effectively, thus improving the feature rep-
resentation capability of the network. Later, we extracted
the deep/latent CNN features (LCNN) from the trained
proposed CNN model along with the specifically selected
radiomics feature (histogram, location, and shape) using
input images and segmented masks. These features
enhanced the performance of our proposed solution. A
better segmentation mask produced better radiomics fea-
tures that boost the performance of the proposed solution
for survival days prediction.

Furthermore, we proposed our final method of overall
survival prediction by combining all the meaningful features
including clinical features (age) that contribute to the num-
ber of days of survival left for the patient. To predict the sur-
vival days for each patient, the selected features are trained
to analyze the performance of various regression techniques.
Details about how the features are selected and various
experiments that are run to find the best regression tech-
nique have been discussed in the next sections. To assess the
generalization capability of our proposed solution is also
given on the Head & Neck Tumor dataset (HECTOR2021).

2 | PROPOSED TUMOR
SEGMENTATION MODEL

This section presents the dataset and architectural details
of the proposed deep learning models and radiomics fea-
tures for BraTS and survival days prediction.

2.1 | Dataset

BraTS has been published since 2012 at the Medical Image
Computing and Computer-Assisted Intervention (MICCAI)

conference.29 The overall survival prediction task is
included from 2017 until 2020 BraTS challenges. The total
number of subjects in the training set of BraTS 2020 with
their masks is 369 and the dataset was taken from different
institutions using different scanners and clinical protocols.29

This dataset is divided into two sets, one for training
and one for testing the proposed model. A ratio of 80:20
is used for training and testing set division. The total
training set holds 295 subjects, and the testing set holds
74 subjects. Each subject has nifti volumes for Flair, T1,
T1CE, and T2 MRI modalities of size 240 � 240 � 155.
There are three classes of tumor given in the ground-
truth (GT) masks including enhancing tumor
(ET) (labeled as class-4 in GT), peritumoral edema
(ED) (labeled as class-2 in GT), and non-enhancing
tumor/ narcotic tumor (NCR) (labeled as class-1 in GT).
In our experiment, all four MRI modalities are stacked
for BraTS using the proposed model. Further, the re-
section status, age, and survival in days were also pro-
vided for overall survival prediction. Figure 1 shows the
Flair, T2, T1, T1CE, and the corresponding segmentation
GT of a subject from the BraTS dataset (2020).

Here, the green color in the GT segmentation repre-
sents the ET class, the yellow color stands for ED, and
the red color holds for the NCR tumor class. The segmen-
tation labels in this dataset are enhancing tumor region
(ET), tumor core (TC), and whole tumor (WT).

2.2 | Proposed method for survival
prediction

The training and validation datasets use stacked images
of four MRI modalities. A 3D deep learning segmentation
model has been proposed to segment brain tumors and is
further used in survival prediction. The deep features
(LCNN) are extracted from the bottom layer of the
encoder from trained segmentation masks. Furthermore,
the input volume and predicted segmentation masks
have been used to extract radiomics features. We also
have used some feature selection techniques to select the
best radiomics and LCNN for survival days prediction.

The variance-based feature selection technique is
used to select the best features. Moreover, the features
are normalized and fed into traditional machine
learning-based classifiers such as random forest, gradient
boosting, etc. Furthermore, the 3D deep learning-based
CNN regressor (3DReg) model has been trained for deep
feature selection. Thereafter, a feature selection is also
applied to select the useful 3DReg features. Different per-
formance metrics have been used for survival days pre-
diction. The overall schematic diagram of the proposed
methodology is given in Figure 2.
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The detailed description of each module is explained
in the following subsections.

2.3 | The proposed segmentation
framework

Figure 3 illustrates the proposed CNN model for BraTS,
which includes encoder and decoder networks. Four
MRI modalities (T1, T1CE, T2, and Flair) have been
stacked as the input and predicted masks are produced
for each tumor class (enhancing, non-enhancing/
necrotic, and peritumoral edema) highlighting the
tumor regions. The convolutional block consists of 3D
convolutional layers with Batch-Normalization and
ReLU activation functions to extract the different fea-
ture maps from each block on the encoder side. The 3D
max-pooling layer has been used to reduce the input
image spatial size. In the encoder block, the spatial
input size is reduced with increasing the number of
layers, while on the decoder side, the input image spa-
tial resolution is recovered via a 3D upsampling layer
using a bilinear upsampling method. Each MRI modal-
ity has a 160 � 160 � 80 input size. The number of
input channels is 4 (stacked four modalities of input
dataset). The number of feature maps for each encoder
block is 32, 64, 128, and 256. The kernel size of
3 � 3 � 3 is used for each Conv layer in the encoder
and decoder blocks. The kernel size 2 � 2 � 2 for the
3DmaxPool layer is used to downsample the spatial res-
olution on the encoder side. The transpose3D convolu-
tional layer with 2 � 2 � 2 kernel size with stride 2 is
used to upsample each decoder size.

We introduced two special modules for our 3D CNN
model. First, we have proposed a 3D hierarchical atten-
tion module (HAM) for the proposed BraTS model as
shown in Figure 4. The HAM block has been used after
each encoder block to concatenate with their correspond-
ing decoder blocks. The 1 � 1 convolutional layer with
softmax function has been used at the end of the pro-
posed model to generate the final output.

FIGURE 1 The four MRI modalities were used in this study. (A) shows the Flair image, (B) shows the T2 image, (C) shows the T1

image, (D) shows the T1CE image, and (E) shows the ground-truth mask.

FIGURE 2 Overall proposed technique for survival days

prediction based on deep and non-deep learning feature extraction

methods.
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We add the reweighted low-level features to the high-
level features to yield the result Featj:

The mathematical representation of the proposed
module is given below:

Feat jð Þ
C ¼Concat F jð Þ

low,upsample F jþ1ð Þ
high

� ��
ð1Þ

Featj ¼ sigmoid Lmlp Lgap Feat jð Þ
C

� �� �n
þ Lmlp Lgmp Feat jð Þ

C

� �� �o
�F jð Þ

lowþF jþ1ð Þ
high

ð2Þ

where Concat represents the concatenation operation,
Lmlp denoted as MLP operator, Lgap denoted the global
average pooling, Lgmp represents the global max pooling,
and � represents elementwise multiplication. The pro-
posed module is used to progressively guide the fusion
between high-level and low-level features that could help
suppress irrelevant background noise and preserve more
semantic information.

The proposed HAM module is used to progressively
guide the fusion between high-level and low-level features
that could help suppress irrelevant background noise and

preserve more semantic information. High- and low-level
features from the encoder and decoder have rich semantic
and spatial information that would be suitable for accurate
segmentation. We designed an attention module with
weighting vectors and used a channel attention module to
capture rich semantic information from low-level features
and high spatial information from high-level features. The
features are concatenated between low-level and upsam-
ples of the high-level features. The channel attention coef-
ficient with sigmoid is used with multi-layer perceptron
(MLP) and pooling layers to preserve relevant features as
shown in Figure 4.

Second, we propose a multi-scale-aware feature
enhancement (MSAFE) module. We embed the MSAFE
module at the bottom of the framework which makes the
model capable of extracting hidden multi-scale contex-
tual information as well as able to aggregate multi-scale
features efficiently. To obtain a more abundant feature
map consisting of various receptive fields, we applied
dilated convolutions with different dilation rates to all
four parallel groups. As a result, the proposed network
can extract adequately precise features at different scales.
The detailed structure configuration of the MSAFE mod-
ule is shown in Figure 5.

FIGURE 3 Diagram of the proposed

model with the proposed MSAFE module

and the HAM block.

FIGURE 4 Schematic diagram of

hierarchical attention module (HAM).
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where, Dratei
c represents the dilated convolution layer

with a dilated rate of ratei (r1= 1, r2= 2, r3= 3,
and r4= 4)

Finally, these hierarchical features HF are
concatenated and delivered to the adaptive feature aggre-
gation component to further model the importance of
each feature.

The feature obtained from three views (sagittal, coro-
nal, and axial) is passed to three Conv layers with BN
and ReLU using different kernel sizes such as 3 � 1 � 1,
1 � 3 � 1, and 1 � 1 � 3 in each convolutional layers to
produced three feature maps. The activation maps
from Q, K, and V are passed to the softmax layer. The
importance of each feature is performed and these multi-
scale feature maps to get the output of the proposed mod-
ule are shown in Equation (5)

BFeatures¼HFþ softmax QueryT�Key
� ��Value ð5Þ

where � represents matrix multiplication and BFeatures
represents bottom feature maps. Adopting the proposed
module at the bottom layer after the last layer of the
encoder can enhance the capability of the proposed
model.

2.4 | Radiomics feature and imaging
feature selection for survival prediction

In this work, we have extracted different multi-scale
features from input MRI 3D volumes and segmented

tumor masks. The radiomics features are categorized
as volume features, intensity-based features, and Geo-
metrical features. The intensity-based features are
Kurtosis, Entropy, and Histogram. The Geometrical
features are Length and coordinates, First axis, Second
axis, Third axis, Centroid coordinates, Eigenvalues,
Equatorial eccentricity, and Meridional eccentricity.
The further textural radiomics feature extracted from
3D MRI modalities input volume are (1) first-order sta-
tistics/statistical features (FOS/SF), gray-level co-
occurrence matrix (GLCM/SGLDM), gray-level differ-
ence statistics (GLDS), neighborhood gray-tone-
difference matrix (NGTDM), statistical feature matrix
(SFM), Laws texture energy measures (LTE/TEM),
fractal dimension texture analysis (FDTA), gray-level
run length matrix (GLRLM), Fourier power spectrum
(FPS), gray-level size zone matrix (GLSZM), higher
order spectra (HOS), and local binary pattern (LPB).30

These radiomics features approach is shown in
Figure 6.

2.5 | Deep features extracted from the
bottom layers of the segmentation model

Deep CNN features (LCNN) were extracted from the bot-
tom layer of the trained encoder of the proposed segmen-
tation model shown in Figure 3. The extracted feature
vector has a 1 � 256 dimension extracted for each input
3D volume from the trained segmentation model. The
performance of deep features is then analyzed using clas-
sical machine learning models.

FIGURE 5 Multi-scale aware feature enhancement (MSAFE) module for brain tumor segmentation.

fmi ¼ sigmoid Dratei
c f ið Þ� �

⨂Dratei
c f ið Þ ð3Þ

HF ¼Concat fm1, fm2, fm3, fm4ð Þ ð4Þ
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2.6 | 3D deep regressor model

We have built a 3D regressor model based on the 3D convo-
lutional, 3D Batch-Norm, and 3D ReLU layers. These three
Layers (3DConv-BN-ReLU) formed one block. The pro-
posed 3D-CNN network is a combination of these repeated
layers followed by max pooling layers. After each convolu-
tion layer with the filter size of 3 � 3 � 3, there is a max-
pooling layer of size 2 � 2 � 2. The 3D max-pooling layer
is inserted after each block to downsample the spatial reso-
lution of input feature maps. The first convolutional layer
has a filter size of 16, and the number of filters in every next
block is doubled to gain a rich feature vector of images. The
number of feature maps increased by 32, 64, 128, and
256, and spatial resolution decreased by 160, 80, 40, 20, and

15. One flattened layer and two fully connected layers have
been used to get the final feature output. Like the LCNN
feature vectors, a total of 1 � 256 size of feature vector has
been extracted for each input 3D volume. The proposed
model is shown in Figure 7. L1 loss function has been used
to compute the loss between predicted and ground-truth
survival days. All model layers have been optimized from
scratch using PyTorch.

2.7 | Regressor models for survival days
prediction

The various regression models are used for survival days
prediction. From experimental evaluation, the four

FIGURE 6 The radiomics features

extraction from deep learning

segmentation masks for survival rate

prediction.

FIGURE 7 The proposed

3D deep learning regressor for

survival days prediction using a

brain tumor dataset.
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regression models random forest (RF),31 regression trees
(RT), linear regression (LR), and extreme gradient boost-
ing (XGB)31 produced acceptable performance. All regres-
sors have been implemented using the sci-kit-learn tool
with default setting (https://scikitlearn.org/stable/
supervised_learning.html#supervised-learning).

2.8 | Loss function

The Combo loss function proposed by Taghanaki et al.31

has been used for the optimization and training of the pro-
posed segmentation models. The loss function is defined as:

L¼ α � 1
N

XN
i¼1

β ti� lnpið Þþ 1�βð Þ 1� tið Þ ln 1�pið Þ½ �
 !

� 1�αð Þ
XK
i¼1

2
PN
i¼1

pitiþS

PN
i¼1

piþ
PN
i¼1

tiþS

0
BBB@

1
CCCA

ð6Þ

where ti represented target labels, pi denoted as predic-
tion mask, α, β� 0,1½ � and S are used as hyperparameters.
All models are trained using Adam optimizer with a
learning rate of 0.000116, ρ¼ 0:95,� ¼ 1e�8, and
decay¼ 0. Experimentally, we found that α¼ 0:5. We
tried different β values with all used BraTS datasets, find-
ing that β¼ 0:5 is the best value for our proposed model.
For the survival prediction task, we have chosen root
mean squared error (RMSE) as the evaluation indicator.
The RMSE is shown in Equation (7).

RMSE¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

Xobs,i�Xpre,i
� �2

n

vuuut ð7Þ

where i represents the single case, n is denoted as the
total number of cases, Xobs represents the true survival
period of the case, and Xpre is denoted as a survival period
predicted by the model.

Using the Adam optimizer, the proposed 3D segmenta-
tion model is optimized at the learning rate of 0.0001. The
prediction mask generated by the proposed model has been
resampled to have the same size and spacing as the original
image and copies all the meta-data, including origin, direc-
tion, and orientation. The proposed models have been
developed in the PyTorch library and trained from scratch.
An NVIDIA GTX 3070 GPU having 12GM memory is used
for the training and optimization of the proposed model.

3 | EXPERIMENTAL RESULTS
AND DISCUSSION

This section covers in detail the results and their discus-
sion on our proposed survival prediction techniques for
brain tumor patients.

3.1 | Results

We described various feature extraction techniques and
utilized multiple regression models for survival days pre-
diction using the BraTS 2020 medical imaging dataset.

We have compared our proposed model with base
UNet and ResNet-based UNet models. The base UNet is
a simple encoder and decoder-based model and RUNet is
the ResUNet base model. The 3D HAM modules are
inserted in each decoder side of the base UNet. The dice
scores coefficients (DSCs) and Hausdorff distance
(HD) of the proposed model as well as RUNet and UNet
models when segmenting the three brain tumor sub-
regions (i.e., ET, WT, and TC) are shown in Table 1. The
higher DSCs as well as the lower the HD in segmentation
means elevated model performance.

TABLE 1 The performance comparison of proposed and existing deep learning models for brain tumor segmentation (BraTS).

Models

DSCs HD

ET TC WT ET TC WT

Proposed Model 0.883 ± 0.134 0.891 ± 0.178 0.902 ± 0.138 4.18 ± 0.822 3.62 ± 0.689 2.89 ± 0.253

RUNet 0.868 ± 0.145 0.872 ± 0.334 0.886 ± 0.138 6.33 ± 0.995 5.45
± 0.887

4.35 ± 0.911

UNet 0.838 ± 0.1341 0.864 ± 0.874 0.874 ± 0.138 8.78 ± 0.989 7.90 ± 0.945 3.88 ± 0.673

Shah et al.32 -- -- 0.90 -- -- --

Note: Bold value represents best scores.
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Table 1 shows that the base UNet model achieved the
dice score and HD scores of 0.83, 0.86, and 0.87 and 8.78,
7.90, and 3.88 for ET, TC, and WT which are less than
the achieved scores among all models. Similarly, the
RUNet in comparison achieved fewer dice and high HD
scores to its enhanced version of the proposed model.
Therefore, the proposed model benefiting from the pro-
posed MSAFE module and additional HAM blocks
reached the ultimate performance scores by generating
the highest dice score and smallest Hausdorff distance
(HD) scores. It reveals that our proposed segmentation
model outperforms the baseline UNet model and the
other two comparison models on BraTS tasks. The higher
segmentation performance scores are key to better sur-
vival predictions as they produce good-quality prediction
masks.

For performance analysis, various machine learning
regressors have been trained for survival predictions as
shown in Table 2, and the performance is given in
c-index. The random forest regressor produced a better
performance as compared to other regressor models like
decision tree (DTR), X-Gradient Boosting (XGBR), Gradi-
ent Bagging Regressor (GBR), extended Tree Regressor
(ETR), Bagging Regressor (BR), etc.

Table 3 displays the results of the random forest
model for the proposed feature extraction techniques in
comparison with state-of-the-art methods in terms of the
c-index. It is seen that when the radiomics features are
combined with the clinical feature (Age), it achieves a
state-of-the-art performance score. It could be because
combining many features into a single feature led to gen-
eralizability that is derived via integrated inference skills
shared across numerous feature sets.

Further, we estimated the RMSE scores for our pro-
posed feature extraction methods using random forest
regressor results and drew a performance comparison
with existing state-of-the-art survival prediction methods
as shown in Table 4. The proposed combined feature
solution produced the lowest RMSE values as compared
to state-of-the-art methods.

3.2 | Performance analysis of the
proposed model

The Kaplan–Meier curves based on ground-truth and
predicted survival days using proposed feature extraction
techniques are shown in Figure 8. We have used a ran-
dom forest regressor to predict survival days using clini-
cal, radiomics, and latent CNN features from the
proposed segmentation model and deep CNN features
from the trained 3D regressor. The curves show survival
days prediction based on combined extracted features
with random forest algorithms produced more accurately
as compared to individual feature techniques for survival
days prediction.

Figure 8A shows the survival days prediction curve
with ground-truth survival days using combined features
(clinical, radiomics, deep features). The random forest
machine learning model based on radiomics features
shows better performance after the combined feature
approach is shown in Figure 8B. Figure 8C shows results
based on latent deep 3D CNN features using random for-
est. The 3D Regressor model using a random forest is
shown in Figure 8D. The combined feature approach pro-
duced better performance and predicted curves are very

TABLE 2 The performance comparison of different regression methods for survival days prediction.

Algorithm
3D regressor
features

Clinical
features

Latent 3D CNN
features

Radiomics + clinical
features

Combined
features

RF 0.49 0.56 0.59 0.61 0.63

XGBR 0.54 0.56 0.6 0.57 0.62

DTR 0.51 0.55 0.57 0.56 0.61

GBR 0.53 0.53 0.53 0.55 0.6

ETR 0.55 0.51 0.58 0.53 0.62

BR 0.54 0.54 0.52 0.56 0.59

Note: Bold value represents best scores.

TABLE 3 C-index-based performance measured for survival

days prediction.

Algorithms
C-
index

3D Deep Regressor (3Dreg) 0.49

Clinical 0.56

Radiomics 0.57

3D Deep CNN Features (LCNN) 0.59

Radiomics + Clinical (RDCL) 0.61

Clinical + Radiomics + 3D Latent CNN + 3D
Deep Regressor

0.63

28 (Hd95 + Clinical + CoM + CEV) 0.61

Note: Bold value represents best scores.
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close to the target curves in terms of survival days as
compared to individual-based features. Therefore, the
curves produced by the proposed models validated the
effectiveness of the survival days prediction method
based on combined deep learning-based and radiomics
features along with the clinical feature.

To investigate agreement between algorithm-
generated and manually determined survival days, we
used a Bland–Altman plot, which graphs the mean differ-
ence of measured survival versus manual survival days
and constructs limits of agreement. Bland Altman repre-
sents the distribution of survival days output for clinical,

radiomics, deep learning features, and deep learning 3D
regressor features. Bland Altman's plot shows the agree-
ment between predicted and ground-truth survival days.
Figure 9A based on the combined feature extraction
approach represented the most agreement of predicted
and ground-truth survival days as compared to other
bland Altman plots. Similarly, the other plots are based
on radiomics, and deep features are shown in
Figure 9B–D.

We also validated our proposed model-based features
using some statistical models such as t-tests. A t-test
could be used to differentiate the difference between two

TABLE 4 Performance of proposed

and existing methods for survival days

prediction.

Method MAE RMSE

Existing method28 CNN+ Radiology+ Clinical 240.05 316.31

Radiology+ Clinical 284.54 392.51

CNN (RF) 284.13 378.85

CNN (DL) 269.37 358.92

Proposed method 3D Deep Regressor (3DReg) 300.10 400.11

Clinical 290.70 390.10

3D Deep CNN (LCNN) 255.66 377.89

Radiomics 247.56 321.23

Combined + Clinical 243.99 310.11

FIGURE 8 Kaplan–Meier plots of the (A) combined features radiomics, (B) radiomics features using RF classifier, (C) 3D deep extracted

from segmentation model features with RF, (D) 3D deep learning regressor.
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or more groups. A lower p-value less than 0.005 shows
that features have some statistical differences and a p-
value greater than 0.005 shows that no difference
between features that further was used in decision
making.

Figure 10 shows the density plot for all survival pre-
diction methods. Firstly, the distribution of the predicted
survival days using combined features from all extracted
feature techniques is significantly different from their
separate outcomes. Similarly, the distribution score of
predicted survival days with the combined feature
approach is greater than their separate execution
methods. However, prediction distributions of the 3D
regressor distributions and latent 3D CNN techniques
have larger standard deviations and more shift toward
left as compared to the distribution of the Radiomics +

Clinical feature approach.
The proposed combined feature solution is always

shifted toward the higher values on the right as shown in
Figure 11. The SHAP explainability method (SHapley
Additive exPlanations)33 has been used to measure the
importance of deep CNN and radiomics features.34,35

The red color shows the high features and the blue color
presents the low feature values.

Figure 11A,B shows the radiomics and deep features
importance. It was shown that the skew, skew difference,
and kurtosis achieved higher feature importance than the
other features. We can say that the skew and kurtosis
achieved higher feature importance as compared to other

FIGURE 9 Bland Altman plot between predicted survival days and ground-truth survival days. (A) Combined (B) Radiomics + Clinical

(C) Latent 3D CNN (D) 3D Regressor.

FIGURE 10 Density plots of the survival days prediction for

the extracted features from 3D Regressor (3DReg), latent 3D CNN

(LCNN), Radiomics + Clinical (CLRD), and their combined

features (Combine).
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radiomics features. Out of 256 extracted features from the
deep CNN method which produced the highest feature
importance as compared to others are shown in
Figure 11B.

3.3 | Generalization capability analysis

To see the generalization capability of our proposed solu-
tion for survival days prediction, we used the Heck-
tor2021 dataset.

I. Dataset: The head and neck tumor dataset proposed
in MICCAI2021 has been used to validate our
proposed solution. It consisted of 224 total training
patients and 101 total tests acquired from 5 different cen-
ters. A detailed description of the dataset can be
found.36–38

II. Results: To estimate the number of survival days,
we considered four previously mentioned feature extrac-
tion methods for the internal validation dataset: includ-
ing clinical, CT/PET with radiomics, 3D deep
segmentation-based features, and 3D regressor
characteristics.

Results showed that the combined feature set (radio-
mics, clinical, and deep) gave the best performance when
compared to the method using separate features. The
combined features extraction strategy yields the best
results for the RF model, as shown in Table 5 in terms of
the c-index.

We compare the performance of our given
method in terms of c-index with existing methods
for survival days prediction using the HECTOR data-
set as shown in Table 6. It is observed that our pro-
posed combined feature approach outperformed the
other state-of-the-art methods by yielding a c-index
score of 0.84.

The diagnosis of squamous cell carcinoma requires the
discovery of malignancy and the evaluation of prognostic
outcomes. Effective detection may aid in better decision-
making. Even if the segmentation and quantitative analysis
of head and neck cancer is a notably complex task, the per-
formance of the proposed framework is sufficient to be con-
sidered for automated diagnosis and survival rate prediction.

3.4 | Discussion

In this paper, we have trained a 3D segmentation model
with different proposed modules to first segment the

FIGURE 11 Radiomics feature importance for survival prediction. The red color presented high and the blue color presented low

features in the prediction of the model (A) radiomics feature generation, (B) Deep Latent 3D CNN.

TABLE 5 The various regressor models for survival prediction

in terms of C-index.

Algorithms
C-
index

Clinical features 0.692

Deep segmentation features (LCNN) 0.788

Radiomics features (RD) 0.757

Deep 3D regressor features (3DReg) 0.794

Combined (Clinical + RD + LCNN +3DReg)
features

0.845

Note: Bold value represents best scores.

TABLE 6 Performance comparison with state-of-the-art

methods.

Algorithms C-index

Proposed method 0.84

Bourigault, E. et al.33 0.82

Muller, A. V. J. et al.34 0.59

Starke, S., et al.35 0.47
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tumor regions and generate the predicted masks.
The proposed model yielded the best scores for DSCs and
HD as the proposed MSAFE module in the segmentation
model achieved better feature maps based on parallel
dilated convolutional layers with different dilation rates
by focusing different receptive fields. The proposed block
extracts feature information dynamically based on differ-
ent spatial scales and covered situations where brain
tumors widely vary the size and shape.

Later, the input 3D volumes and segmented masks
are passed for the radiomics feature extraction and
selection. Also, we extracted the latent CNN features
from the last encoder block of the trained segmentation
model. Furthermore, we trained a 3D deep learning-
based regressor model and extracted deep features from
the last layer of the trained regressor model to predict
survival days. We also used clinical features such as age
and recission time provided in BraTS 2020 training data
to train the random forest and other machine learning
regressors.

Interestingly, adding a clinical training set did not
significantly alter the results, which implies that the
gap may be explained by clinical characteristics that
are more pertinent when combined with different fea-
ture concatenation-based models. Contrary to most of
the previous research on medical image diagnosis, in
which clinical features play a significant role in pre-
diction and diagnosis, we have discovered the fasci-
nating fact that clinical features do not much
contribute to performance improvement, indicating
that most of the data is based on images. The geomet-
ric feature based on intensity, geometry, and location
contributed more to predicting the survival days pre-
diction. This study validated that the smaller the
shape of the tumor produced, the higher overall sur-
vival and the immediacy of the tumor to the center of
the brain achieved lesser performance for overall sur-
vival. The radiomics using images and masks pro-
duced higher explainable features for survival days
prediction. Kurtosis and skewness achieved overall
better performance and played a better role in predict-
ing the overall survival days shown in the explainable
feature plots. The performance of latent CNN deep
learning-based features is almost comparable to the
radiomics survival days prediction by observing the
c-index scores.

The overall performance of the 3D deep learning
regressor is not good as compared to radiomics and
LCNN feature results. A deep learning-based regression
model needs more input data for training, and we have
used only 295 input samples. Therefore, it is observed we
need more data to fully obtain the robustness in the
results based on a 3D CNN-based regressor. Radiomics-

based features may have better interpretable advantages
and generally more robust results can be obtained as
compared to deep learning-based features.

However, our main objective is to propose imaging
features that can be replicated based on various MR pre-
processing, contrasts, and scanning equipment. Automat-
ically computing detailed LCNN features make it easy to
analyze the relative properties of tumor and their classes
for survival prediction, as we have done in our
experiments.

Our combined feature method produced better perfor-
mance and accurately measured the survival days on two
different medical imaging datasets. It could be because
combining many features into a single feature led to gen-
eralizability that is derived via integrated inference skills
shared across numerous feature sets.

As demonstrated in our experiments, the features pro-
posed in our paper readily generalize across different
datasets like BratS 2020 and Hecktor 2021. The proposed
approach produced an excellent performance in the
Hecktor 2021 dataset within the same feature set. How-
ever, BraTS, it did not outperform that well. However,
one possible reason could be the BraTS20 dataset con-
sisted of anaplastic astrocytomas, glioblastoma, or both
that have various survival characteristics. The circum-
stance that BraTS20 has pre-operative that may play an
essential role as well as the influences of surgery cannot
be considered.

In this work, the focus is to extract radiomics features
from the tumor region itself and the rest of the brain. We
analyzed that the skewness, and kurtosis of deformation
field amplitudes around the tumor together with conven-
tional clinical and deep learning-based auto-generated
features significantly improve survival models. Future
work may, therefore, explore transformer-based deep
learning methods along with radiomic features to further
improve model accuracy. Since the transformers adopt
the mechanism of self-attention, differentially weighing
the significance of each part of the input data.

4 | CONCLUSION

In this paper, we have proposed a hybrid deep learning
and radiomics-based method for survival days prediction
of brain tumor patients. Further, the proposed hybrid
solution is validated on the Hecktor2021 dataset for head
and neck tumor segmentation to compare and substanti-
ate the performance of our proposed approach. A variety
of classical machine learning models have been trained
using several sets of extracted imaging features while
achieving better performance with the combined imaging
features with non-imaging (Age) features. We proposed

MAZHER ET AL. 13 of 15
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various regressor methods for survival days prediction
with a combined feature fusion approach. The features
are extracted from deep learning and classical feature
extraction techniques. We have also presented the
explainability of the given set of features. It has been
observed that combined radiomics and deep features can
also have strong interpretability and clinical applicability
for survival days prediction in brain tumors. The results
have been compared with state-of-the-art methods and
our proposed solution achieved excellent performance as
compared to existing methods.

In the future, transformer and generative learning-
based deep learning models will be explored to further
improve the performance of the proposed approach for sur-
vival days prediction in brain tumor prognosis. We will
compare foundation models with self-supervised techniques
to further compare the performance of the proposed solu-
tion. We can train the model on other brain tumor datasets
and validate with a few shots self-supervised methods.
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