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ARTICLE INFO ABSTRACT

Keywords: Accurate and efficient segmentation of brain tumors is crucial for early diagnosis, personalized treatment
Dynamic convolutional neural networks planning, and improved survival rates. Brain tumors exhibit complex spatial and morphological variations,
Adversarial learning making automated segmentation a challenging task. This study introduces a dynamic segmentation network
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(DSNet), a novel 3D brain tumor segmentation framework that integrates adversarial learning, dynamic
convolutional neural network (DCNN), and attention mechanisms to enhance precision and robustness. DSNet
processes 3D magnetic resonance imaging (MRI) volumes, including T1-weighted (T1), T1-weighted with
contrast enhancement (T1ce), T2-weighted (T2), and fluid-attenuated inversion recovery (FLAIR) modalities,
capturing rich spatial and contextual features. Leveraging adversarial training, DSNet refines boundary
definitions, while dynamic filters adapt to tumor-specific heterogeneities, ensuring accurate segmentation
across diverse cases. The attention mechanism further emphasizes tumor-relevant regions, enhancing feature
extraction and boundary delineation. The model was trained and validated on the BraTS 2020 dataset,
achieving dice similarity coefficients of 0.959, 0.975, and 0.947 for whole tumors (WT), tumor cores (TC),
and enhancing tumor (ET) regions, respectively. Its generalizability was further confirmed through evaluations
on the BraTS 2019 and BraTS 2018 datasets. Additionally, volumetric features derived from segmented
images were used to predict patients’ overall survival rates via a Random Forest (RF) classifier. To enhance
accessibility, we integrated the segmentation and prediction processes into a user-friendly web application.
DSNet outperforms state-of-the-art methods, providing a robust and accurate solution for 3D brain tumor
segmentation with strong clinical potential.

1. Introduction Medical imaging plays a central role in the detection and evaluation
of brain tumors. Magnetic resonance imaging (MRI), computed tomog-

The detection of brain tumors plays a critical role in improving pa- ~ raphy (CT), and ultrasound are crucial techniques for screening and
tient prognosis and reducing mortality rates. Early diagnosis allows for diagnosing brain tumors [4]. MRI is especially beneficial among these
timely intervention, which is essential for increasing survival chances options since it has a higher capacity to distinguish between distinct
and minimizing the risk of neurological damage. Brain tumors are soft tissues without the need for ionizing radiation. MRI can generate
classified into two main types: primary and secondary. The majority high-contrast pictures in many orientations, which is extremely impor-
of primary brain tumors are gliomas, which account for more than tant for evaluating brain tumors. MRI produces four primary categories
half of all tumors internal to the cranium. The outlook for people of images: Fluid-Attenuated Inversion Recovery (FLAIR), T1-weighted
diagnosed with brain tumors varies widely depending on their age. (T1), T1-weighted with contrast enhancement (T1ce), and T2-weighted

(T2). Each category fulfills a distinct diagnostic function: T1 images are

Those under 15 years have a 5-year survival rate of 75%, whereas
commonly employed for the identification of normal tissues, whereas

individuals aged between 15 and 39 years have a 5-year survival rate of . - ; : >
72%, and for adults (>40 years), the rate is 72.5% [1,2]. According to TZ images are speaﬁcally deSIgned to emphasize tumor regions. Tlce
images are utilized to emphasize the borders of tumors, while FLAIR

images aid in distinguishing between edema and cerebrospinal fluid
(CSF) [5]. MRI’s extensive imaging capabilities greatly assist physicians
in diagnosing brain malignancies.

the World Health Organization (WHO), gliomas are further categorized
as low-grade gliomas (LGG) or high-grade gliomas (HGG), with the
latter exhibiting rapid progression, greater malignancy, and increased
diagnostic difficulty [3].
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Accurate identification and precise quantification of tumors are
crucial for improving survival rates and designing effective treatment
strategies. Medical image segmentation, in particular, provides a de-
tailed characterization of tumor morphology and spatial distribution,
enabling personalized therapy and better patient outcomes [6]. Beyond
segmentation, automatic detection ensures that small or heterogeneous
tumors are not overlooked during diagnosis, while survival predic-
tion delivers prognostic information that supports treatment planning,
radiotherapy dose adjustment, and long-term management. Thus, de-
tection, segmentation, and survival prediction represent interconnected
clinical needs that should be addressed within a cohesive framework.

The manual process of identifying and separating brain tumors is
time-consuming because it requires careful analysis of detailed medical
images, such as MRI or CT scans, which contain intricate and often
subtle variations in tissue structure. The complex and varied charac-
teristics of brain tumors, including differences in size, shape, location,
and texture, make it difficult for radiologists to distinguish tumors
from healthy tissue accurately. Also, manual segmentation needs pro-
fessional neuroradiologists [7,8]. As a result, there is growing interest
in developing reliable automatic tumor detection systems.

Automatic segmentation improves the quality of the segmentation
task, leading to better accuracy and reliability compared to man-
ual methods, which are time-consuming due to the intricate details
involved in identifying different tissue types. Moreover, automated
systems provide a consistent and scalable solution that assists medical
professionals in analyzing images more quickly and accurately [9].
In recent years, the field of medical image segmentation has seen
widespread adoption of deep learning techniques. Convolutional neu-
ral networks (CNNs) are fully utilized for image segmentation have
proven to be highly successful [10]. U-Net-based models have shown
success in achieving proper segmentation due to integrating encoding
and decoding paths into a fully convolutional framework. The U-Net
architecture has emerged as a fundamental framework for creating
automated systems that improve the precision and effectiveness of
brain tumor segmentation due to its ability to capture both local
and contextual information [11]. Despite this progress, conventional
CNNss still face limitations in capturing fine-grained boundaries and the
complex spatial characteristics of tumors.

For enhanced segmentation precision, volumetric segmentation mod-
els offer a compelling solution by capturing spatial continuity across
MRI slices, which is especially crucial for 3D medical imaging tasks [12].
These models mitigate the class imbalance that frequently arises from
the small tumor regions compared to the larger brain volume, ensur-
ing a more balanced representation of tumor and non-tumor areas.
However, the static nature of traditional CNN filters can hinder their
ability to adapt to the complex, heterogeneous structure of brain
tumors [13]. Dynamic convolution is employed to overcome these
limitations, as it allows for adaptive filtering that more effectively cap-
tures tumor-specific features across diverse images, thereby enhancing
segmentation accuracy [14].

In recent years, adversarial learning has also shown potential in
refining segmentation outcomes by enhancing boundary sharpness and
realism [15]. In adversarial frameworks, a generator network (such
as a segmentation model) and a discriminator network engage in a
competitive process, whereby the generator aims to produce realis-
tic segmentations while the discriminator works to identify incon-
sistencies [16]. This adversarial process helps sharpen segmentation
boundaries and better distinguish tumor regions from surrounding
tissues. Previous work, such as U-Net Generative Adversarial Network
(U-Net-GAN) [17], has shown that integrating adversarial learning
with segmentation models can improve segmentation outcomes by
enhancing detail and boundary accuracy.

Based on these insights, we propose a dynamic segmentation net-
work (DSNet), a novel deep learning framework for 3D brain tu-
mor analysis. DSNet integrates dynamic convolution and adversarial
learning to improve segmentation precision and robustness, while also
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incorporating tumor detection and survival prediction into a unified
system. Specifically, DSNet addresses the three clinical gaps: (i) tumor
detection ensures that small and heterogeneous tumors are identified
early, reducing the likelihood of missed diagnoses; (ii) fine-grained
segmentation provides accurate delineation of tumor boundaries; and
(iii) survival prediction using volumetric features, ensuring both diag-
nostic accuracy and prognostic utility for clinical practice. Unlike prior
works that focus solely on segmentation, DSNet bridges diagnostic and
prognostic needs, thereby offering a clinically meaningful solution. The
framework is trained on the BraTS 2020 dataset and validated on the
BraTS 2019 and 2018 datasets, demonstrating robust generalizability
and accuracy across different tumor subtypes. The overall contribution
of our work is stated below:

Present a 3D segmentation model that improves tumor detection
in multimodal medical imaging.

Leverage deep learning and attention mechanisms to increase
accuracy in brain tumor segmentation.

Validate model effectiveness using benchmark medical datasets
for real-world relevance.

Integrate a survival prediction tool combining imaging and clini-
cal data for prognosis support.

Deliver a user-friendly interface to support clinicians in diagnostic
and treatment planning workflows.

The following sections are presented as follows:

Section 2 provides a comprehensive review of prior research on
brain tumor segmentation and survival prediction, highlighting key
advancements and gaps in the field. Section 3 outlines the datasets
and methodologies employed in this study, detailing the experimental
setup and design. The results of the simulations are presented in Sec-
tion 4, with a thorough analysis divided into multiple subsections that
address each dataset individually and include a comparative evaluation
against established state-of-the-art methods using the primary dataset.
Section 5 presents an in-depth discussion of the findings, contextual-
izing their implications within the broader research domain. Finally,
Section 6 concludes the article by summarizing the contributions and
significance of the study. The comprehensive methodology of our study
is shown in Fig. 1.

2. Literature review

Brain tumor segmentation is a vital step in the clinical pipeline for
accurate diagnosis, prognosis, and treatment planning [18]. Traditional
methods, such as threshold-based and region-based approaches, primar-
ily rely on handcrafted features and pixel intensity levels to identify
tumors. While these methods have shown some success in simpler cases,
they struggle to handle the inherent complexity, heterogeneity, and
noise in MRI data, often resulting in suboptimal performance [19]. In
recent years, neural networks have emerged as a transformative tech-
nology for medical image segmentation, providing a significant leap
forward in precision and scalability. Encoder-decoder architectures,
such as the U-Net model, have become the cornerstone of medical
image segmentation due to their ability to learn both global and
local features effectively [11,20]. The U-Net architecture combines
a contracting path for feature extraction and an expansive path for
feature reconstruction, enabling it to capture multi-scale information.
Its success has inspired numerous variants tailored to address spe-
cific challenges in medical imaging. For instance, U-Net++ introduces
nested skip pathways to improve feature refinement [21], while At-
tention U-Net incorporates attention mechanisms to focus on critical
regions of interest, such as tumor boundaries [22]. Other notable
variants include Residual U-Net (Res-U-Net), which integrates residual
connections for improved gradient flow [23], and lightweight U-Nets,
which reduce computational costs without significantly compromising
segmentation accuracy [24]. Walsh et al. [24] introduced a lightweight
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Fig. 1. Block diagram of the proposed DSNet-based framework, comprising two main stages: (a) brain tumor segmentation using a deep learning model, and (b)

patient survival prediction based on extracted imaging and clinical features.

U-Net architecture that segments brain tumors using 2D MRI slices
from three orthogonal planes, eliminating the need for large datasets
and data augmentation while maintaining strong performance for real-
time applications. Tseng et al. [25] developed an automated detection
method based on an optimized eXtreme Gradient Boosting (XGBoost)
model, incorporating Contrast Limited Adaptive Histogram Equaliza-
tion (CLAHE) for image enhancement, K-Means for segmentation, and
Particle Swarm Optimization (PSO) for feature selection, with clas-
sification performed using XGBoost, Naive Bayes, and Iterative Di-
chotomiser 3 (ID3). Lamba et al. [26] proposed an integrated approach
combining deep learning and supervised learning, utilizing data aug-
mentation, a Visual Geometry Group 16-layer network (VGG16) with
transfer learning for feature extraction, and a linear Support Vector
Machine (SVM) for accurate classification, showing strong diagnostic
capability on public MRI datasets. Despite the success of 2D CNNs,
they are inherently limited in capturing the three-dimensional spatial
context of MRI data. To address this, 3D CNN architectures, such as 3D
U-Net [27], have been proposed. These models replace 2D convolutions
with 3D convolutions, enabling the direct extraction of volumetric
features from MRI scans. Another promising line of research involves
generative adversarial networks (GANs), which have demonstrated sub-
stantial potential in generating high-quality segmentation masks [28].
GANs employ a generator and a discriminator in an adversarial setup,
where the generator learns to produce realistic segmentation outputs,
and the discriminator evaluates their authenticity. A 3D GAN model
named Voxel-to-Voxel GAN (Vox2Vox), which combines a U-Net-based
generator with a CNN-based discriminator, has achieved competitive
results in brain tumor segmentation tasks [29]. Peiris et al. proposed a
reciprocal GAN framework with virtual adversarial training and critic
modules to enhance robustness and reduce prediction errors [30].
While CNNs and GANs dominate the field, attention mechanisms and
transformer-based models are emerging as powerful alternatives due
to their ability to capture long-range dependencies. Recent studies
have explored hybrid architectures combining CNNs with transformers
to improve the segmentation of complex and heterogeneous tumor
regions [31]. These methods demonstrate improved performance, par-
ticularly in handling large variations in tumor size and morphology.
Despite these advancements, several challenges persist. Existing meth-
ods often struggle with class imbalance, where underrepresented tumor
subtypes such as glioblastoma receive less accurate segmentation [32].
Furthermore, high dependency on large annotated datasets limits their
scalability, especially in low-resource settings. In this study, we build
upon these advancements by introducing a novel approach that inte-
grates dynamic convolutional neural networks, attention mechanisms,
and adversarial learning into a unified framework.

3. Materials and methods
3.1. Datasets

Our study leveraged the Multimodal Brain Tumor Image Segmenta-
tion Benchmark (BraTS) datasets from 2018, 2019, and 2020 [33-35].
The BraTS 2020 dataset primarily served as the training foundation
for our model, while the BraTS 2019 and BraTS 2018 datasets were
incorporated to assess model generalizability. Each of these datasets
comprises MRI scans depicting glioma-affected brain areas, with a
voxel resolution of 1 x 1 x 1 mm? and initial volume dimensions of
240 x 240 x 155. The scans include four MRI modalities: T1, Tlce,
T2, and FLAIR. Ground truth annotations are assigned values of 0, 1,
2, and 4, where 0 represents non-tumor regions, and 1, 2, and 4 signify
distinct tumor regions, specifically categorized for segmentation tasks
as the tumor core (TC), whole tumor (WT), and enhancing tumor (ET).

For model training, we selected 176 samples from the ‘BraTS2020
TrainingData’ folder, which comprises 369 samples in total. These
samples were chosen using a 5-fold stratified k-fold method to ensure
balanced representation. Stratified k-fold cross-validation was selected
to maintain a proportional representation of class distributions within
each subset, mitigating potential biases and improving the reliability
of our results [36]. One fold, containing 44 samples, was reserved
as a validation set to maintain consistent evaluation metrics across
experiments. Among the 369 cases, 118 included additional details such
as age, resection status (Gross Total Resection (GTR)), and survival
duration. A survival estimation model was built using this subset. The
validation dataset for survival analysis was a subset of the segmentation
validation set, comprising images from 29 patients with GTR status
and age information, while the test dataset included 107 cases. Fur-
thermore, we employed the BraTS 2019 and BraTS 2018 datasets to
evaluate our model’s cross-dataset performance. BraTS 2019 includes
MRI scans from 259 HGG patients and 76 LGG patients, while BraTS
2018 contains scans from 210 HGG and 75 LGG cases. For our specific
segmentation objectives, only HGG samples from the 2019 and 2018
datasets were used, allowing for a focused analysis on high-grade
tumor detection. The inclusion of these additional datasets enabled a
comprehensive evaluation of the model’s performance across diverse
glioma cases, thereby ensuring its reliability and generalizability across
various datasets.

3.2. Data pre-processing
We have applied center cropping to every image to increase the

learning efficacy of our network and reduce computational require-
ments. Fig. 2 depicts the center cropping method, in which the training
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t2 before cropping mask before cropping

t2 after cropping mask after cropping

Fig. 2. The 100th slice of ID ‘BraTS20_Training 140’. The first row displays the unprocessed image, while the second row exhibits the image after undergoing

processing.

only focuses on the core region of each image while excluding the
outlying sections. This method focuses on the specific areas of interest
(ROIs) in the image, as the outer areas typically include unimportant in-
formation that could negatively impact the performance of the network.
Our dataset consists of centrally positioned MRI scans, which include
tumors and their corresponding regions. As a result, this cropping
method allows the network to concentrate on important characteristics,
hence improving the accuracy of segmentation [37].

The scans were reshaped from their original dimensions to a res-
olution of 128 x 128 x 128, resulting in a total of 2,097,152 pixels
per voxel image. In addition, this scaling allowed us to train our
network efficiently despite the limitations of our GPU resources. In
Fig. 2, the column on the right displays the accurate representation
of the three classes (WT: cyan, TC: navy blue, ET: magenta). Both
masks and images are cropped in the same way. In this study, no
additional data augmentation techniques were employed beyond center
cropping. This decision is supported by prior evidence indicating that,
for medical imaging tasks involving brain tumors, deep learning models
often achieve higher reliability and diagnostic accuracy when trained
on minimally processed or raw MRI scans, as opposed to heavily
augmented datasets [38-40].

3.3. Segmentation

3.3.1. Network fundamentals

Our proposed segmentation network (DSNet) is constructed with
a dynamic convolutional neural network (DCNN) layer, as proposed
in [14]. The structure of DCNN is shown in Fig. 3. At first, the 3D adap-
tive average pooling layer compresses the spatial information [41]. Two
3D convolution layers (Conv3D) process the input. The first Conv3D
layer is followed by a Rectified Linear Unit (ReLU) activation, while
the second Conv3D layer is followed by a softmax activation. This
produces normalized attention weights for the convolution kernels.
Once we finish the aggregated convolution and calculate the attention,
we pass the output through a Conv3D layer. Features generated by 3D
convolution contain a greater amount of spectral information due to
the additional dimension of the 3D convolution layer. 3D convolution
can be formalized by the Eq. (1). It gives the value at the point (%, y,
z) of the j'h feature map in the i’4 convolution layer [42].

i -1D;-1
X, V2 _ hw,d (x+h) (y+w),(z+d)
Pi,j _f<2 Z Z Z kl/m (i—=1),m +Uisj> M

m  h=0 w=0 d=0

The value of k 4 represents the element at position (h, w,d) in the
kernel assoc1ated with the mth feature map in the previous layer. D,
represents length of the 3D kernel in the temporal dimension.

We used the 3D max pooling technique (MaxPool3D) [43] to per-
form the pooling operations. The operation of MaxPool3D can be
expressed with Eq. (2).

w; Din) =

in>

out (H;,, ma max
(‘” p=0,.. lemO ,,,,, lenO pD-1 2

where H,,, W, D,, are input height, width and depth respectively,
and (pH, pW, pD) is the kernel size. This layer not only decreases the
spatial dimensions of the feature maps but also decreases the number
of parameters and computational expenses.

In addition, we employed the approach of 3D batch normaliza-
tion (BatchNorm3D) [44] for the purpose of regularization. Batch

normalization is computed using Eq. (3).

X — U
y=rx——L+p ®)

2
o, +e

In this case, x; represents the input received from the ith batch, while
y represents the result after the normalization process. The symbol y,
denotes the average value of a batch, and alf reflects the measure of
dispersion within a batch. The symbols y and g are parameters that
can be adjusted, whereas ¢ is a small constant that is included to avoid
division by zero.

Skip connections are a way to design deep neural networks that
allow for the bypassing of certain layers. This solves the vanishing
gradient problem by enabling direct access to previous features and
facilitating the flow of gradients back through the input during back-
propagation. [45]. In our DSNet structure, we have implemented an
attention-based skip connection. We changed the attention mechanism
suggested in [46] and swapped out the standard convolutional layer
for a DCNN. Now, our process takes a query and a set of key-value
pairs and turns them into an output, which is a weighted sum of values.
The attention mechanism determines the weighting factors by assessing
the compatibility between the query and its corresponding key. Fig. 4
shows how we implemented the attention-based skip connection. The
attention technique lets the decoder network get important data from
the encoder network. This is important for making the segmentation
mask of the upsampled features better and more accurate.

In constructing our segmentation model, we employed three distinct
activation functions: ReLU, leaky rectified linear unit (Leaky ReLU),
and Softmax. The ReLU feature enhances training speed by allowing
positive values to pass, enhancing non-linearity without increasing
computation difficulty, as defined in Eq. (4) [47].

f(p) = max(0, p) 4)

Here p is the input value.
We incorporate Leaky ReLU [48], a second activation function, to
address potential issues with traditional ReLU, such as dying neurons,
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Fig. 3. Dynamic convolution neural network (DCNN) structure.
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Fig. 4. Illustration of the attention mechanism structure implemented in DSNet’s skip Connections.

by allowing a small, non-zero gradient. For a given input p, Leaky ReLu
is mathematically expressed by Eq. (5).

S (p) = max(0.01 x p, p) (5)

In order to handle multi-class classification tasks, we added the Soft-
max [49] activation function to the output layer. This function changes
output logits into probability distributions over multiple classes. Eq. (6)
mathematically explains the softmax activation function.
o)

yl - Z;\JZI o'(pj) (6)
where N indicates the total number of classes, p; represents the ith
member of the input vector p, o denotes the base of the natural
logarithm, and the denominator ensures that the total probabilities sum
up to 1.

3.3.2. Proposed model

Our proposed network design comprises two modules: a segmen-
tation network named DSNet and a critic network. The collaboration
of these components results in the accurate segmentation of medical
imaging data. Our proposed workflow for the segmentation task is
shown in Fig. 5.

The architecture of DSNet consists of a 3D U-Net structure, which
includes a 5-level encoder and a corresponding 5-level decoder. The
DSNet architecture relies heavily on the implementation of a DCNN.
Our proposed encoder consists of repeating Residual Double Convolu-
tion (ResDoubleConv) blocks. Each block consists of 3D DCNN layers,
3D batch normalization layers, and Leaky ReLU activation layers. Fig.
6 illustrates the structure of the ResDoubleConv block. ResDouble-
Conv blocks integrate residual connections to improve the network’s
information flow and address issues such as the vanishing gradient
problem [45]. As a result, training becomes more effective, leading
to improved convergence and performance. The encoder is made of
multiple ResDoubleConv blocks, each of which is isolated using a
MaxPool3D layer with a kernel size of 2 x 2 x 2 and a stride of
2 X 2 x 2. This layer performs batch downsampling with a reduction
factor of 2. We specifically designed the block layout to aid in the
extraction of higher-level features, thereby enhancing the network’s
overall accuracy.

Ground Truth(Y)

Loss

Input Image(X)

DSNet (G)

Critic(D)

Fig. 5. Proposed overall network architecture for segmentation: The diagram
illustrates the segmentation network (DSNet) and the critic network, denoted
by G and D, respectively. Input data (X) and ground truth segmentation masks
(Y) are also depicted.

In the DSNet decoder unit, an upsampling layer follows the ResDou-
bleConv block. We arrange the blocks sequentially, and the upsampling
layer uses the ‘Nearest Neighbor’ [50] method to increase the data
size by a factor of 2. We couple the encoder and decoder in se-
ries, using attention-based skip connections to link the levels together.
The mechanism of our attention-based skip connection is described in
Section 3.3.1. The final configuration of DSNet is seen in Fig. 7.

We designed the critic network as a fully convolutional adversarial
network specifically to improve the segmentation network’s perfor-
mance. The critic network employs 3D convolutions, which are essen-
tial for handling volumetric input and capturing spatial relationships in
three dimensions. We use the critic architecture, which is based on the
Markovian PatchGAN [51,52] architecture. The Markovian PatchGAN
architecture is well-known for its ability to provide confidence ratings
for prediction masks based on the assessment of local patches of the
input rather than the complete image. This patch-based technique
allows the network to concentrate on fine details and local coherence,
which is advantageous for tasks that require accurate segmentation
at high resolution. The structure of our critic network is depicted in
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Fig. 6. Illustration of the ResDoubleConv block implemented in DSNet’s
encoder—decoder architecture. This block combines residual connections with
dynamic convolutional layers to enhance feature extraction and network
performance.

Fig. 8. The construction consists of four conjugative, completely three-
dimensional convolutional layers. The critic’s main role is to guide the
DSNet network into producing accurate segmentation masks.

3.3.3. Loss function

Our segmentation network learns through an adversarial learning
process. The optimization of our network can be formalized through a
min-max problem

min max L(G; X) (@]

where G is the DSNet model parameter and D is the critic model
parameter. The overall loss of our proposed model consists of two
terms,

L(Y;X) = aLp;(G; X) + BL4,(G; D; X) (€))

where Lj,.. and L,,, represent dice loss and adversarial loss. «, f
are weights assigned to them. Dice loss depends on the segmentation
network, and adversarial loss is defined based on the parameter of the
entire model. If we choose these parameters appropriately within a
tolerable range, the segmentation network demonstrates strong func-
tionality and exhibits generalization capabilities. In our experiments,
we set the values of « and p to 0.5 each.

We use dice loss for the segmentation network, represented by
Eq. (9).
LpeoG:X) = 1- 22+ 1 ©

Y+Y+1

where Y represents the true segmentation and ¥ represents the pre-
dicted segmentation. We add 1 as a smoothing value in the numerator
and the denominator to prevent the formula from becoming undefined
in edge-case scenarios. The adversarial loss refers to the measurement
of the discrepancy between the predicted distribution and the actual
distribution. It is defined in Eq. (10).

Laa(Gi D5 X) = E(x y)py,, [‘ 2> ((1 = mlog(D(X))
acH beW (10)

+nlog(1 - D(G(X))) )]
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Algorithm 1 DSNet: Training and Inference

Require: MRI dataset {(X,Y,T, E)}; Generator G (Conv3D + Attention
+ DCNN); Discriminator D; loss L p,..; weight 4
Ensure: Trained G, D, survival model S
1: Training:
: for each batch (X,Y,T, E) do
: Preprocess MRI, extract ROI via coarse detection
Predict mask ¥,,; « G(X,,;)

2

3

4

5: Compute segmentation loss £ p;..(¥,Y)
6: Compute adversarial loss with D
7

8

9

Update D then update G with L., + 1L 44,
Extract features from ¥ for survival set F
: end for
10: Train survival model .S on F (e.g., Cox/RSF)
11: Inference:
12: Preprocess test X, detect ROI, predict ¥ = G(X, roi)
13: Post-process segmentation; if .S exists, compute risk 7 = S(features)
14: return Y, 7

where the indices H and W correspond to the height and width
dimensions of the image. Ex y.,, denotes the expectation taken over
the data distribution py,,, with X representing the input images and Y
representing the corresponding ground-truth labels. The parameter 5
balances the contribution of real and generated images in the adver-
sarial loss. When 5 = 0, the segmentation model generates the sample.
In contrast, when # = 1, the sample is derived directly from the true
underlying data. The segmentation network employs adversarial loss to
generate predictions that closely resemble the actual masks, intending
to deceive the critic.

3.4. Survival prediction

In this study, survival prediction is approached as a classification
task based on manually defined survival categories, designed to reflect
varying levels of severity. The dataset is stratified into three discrete
classes: short-term survival (0-300 days), mid-term survival (301-450
days), and long-term survival (> 450 days). These thresholds are not
derived from clinical standards or WHO guidelines, as no standardized
day-based survival benchmarks exist. Instead, this categorization is
introduced to enable a structured and interpretable analysis of survival
outcomes.

For feature extraction, we leverage the output from the segmenta-
tion model to compute volumetric features corresponding to different
tumor subregions (e.g., enhancing tumor, tumor core, whole tumor).
These volume-based metrics capture critical spatial characteristics of
the tumors. Additionally, patient age is incorporated as a clinical
feature known to influence survival. The combined feature set —
comprising both volumetric and demographic data — is used to train
and evaluate various machine learning classifiers, aiming to identify
the most effective model for predicting survival categories. In ad-
dition to these classification-based approaches, we also incorporated
a time-to-event modeling framework using DeepSurv [53], a neural-
network-based extension of the Cox proportional hazards model. This
approach models the hazard function directly, accounts for censored
data, and enables estimation of hazard ratios and survival curves, pro-
viding complementary prognostic insight beyond discrete classification.
The schematic diagram illustrating the proposed approach for survival
prediction can be found in Fig. 1 (Step:2).

The overall DSNet workflow, including training and inference, is
summarized in Algorithm 1.



A. Yedfi et al

Healthcare Analytics 8 (2025) 100418

Output

Input
)
—\
16 Channels 16 Channels 3 Channels
* Channels 128*128*128 128*128*128
*128%
128%128%128 128*128*128
32 Channels 32 Channels W Input
64764764 64%64%64
‘ ResDoubleConv
64 Channels ‘ResDouhleCoanaxpoul

32%32%32

128 Channels
16*16*16

256 Channels
8*8*8

128 Channels
16*16*16

64 Channels
32%32%32

@ UpConv
e Concatenate

] Attention
= Block

Fig. 7. Our proposed DSNet segmentation model architecture.

—> Channle 1: Real/Fake

——> Channle 2: Real/Fake

—> Channle 3: Real/Fake

AN N
Y/Y' I
32 64
% 3D Convulation

Fig. 8. Critic model architecture.

4. Results analysis
4.1. Hardware and training protocol

We established our training environment by utilizing Python (ver-
sion 3.9.19) and the PyTorch framework (version 1.6.0). We conducted
the experiments on a Windows 10 system with 64 GB of RAM, utilizing
the ‘torch’ module. We trained the segmentation network for 250
epochs using a batch size of 2. In DSNet, we employed the Adaptive
Moment Estimation with Weight Decay (AdamW) optimizer [54] with
a learning rate of 0.0002. The critic network was trained using the Root
Mean Square Propagation (RMSprop) optimizer [55], with a learning
rate of 0.00005. We determined these hyperparameters through experi-
mentation and the selection of values that produced optimal results. We
maintained all other optimizer settings at their default values without
making any additional adjustments. We chose these modest learning
rates to prevent problems with local minima, hence ensuring more
steady convergence during the training process [56]. This methodology
resulted in outcomes that were more dependable and precise.

4.2. Evaluation metrics

The Dice Similarity Coefficient (DSC) is a similarity metric com-
monly employed to assess the effectiveness of image segmentation
algorithms. DSC is calculated by multiplying the intersection of the
ground truth data and the segmented image by 2 and then dividing the
result by the sum of their sizes [57]. This is expressed mathematically
in Eq. (11).

2k N k|

DSC(k, k) = -
[kl + [kl

1D

The Jaccard Index, or Intersection over Union (IoU) score, is also a
similarity metric used to compare the diversity of sample sets. Like DSC,
the intersection of the aforementioned sets is used, but in this case, it
is divided directly by their union as shown in Eq. (12) [57].
[k N k|

lkuk|

Egs. (11) and (12) both include a ground truth segmentation denoted
as k, and a predicted segmentation denoted as k. Both DSC and IoU
scores range from O (complete mismatch) to 1 (perfect match).

The sensitivity (Sen), represented by Eq. (13), is a widely used
metric for assessing the effectiveness of image segmentation algo-
rithms [58]. It quantifies the accuracy of identifying genuine positive
pixels.

ToU(k, k) = 12)

True positives
Sen = — P - (13)
T'rue positives + False negatives

A high Sen score indicates that the algorithm is good at detecting
objects in the image, while a low Sen score means that many object
pixels were missed or incorrectly identified as background.

4.3. Segmentation results

The segmentation task was conducted using the BraTS 2020 dataset.
We adopted a U-Net-type architecture with an equal number of en-
coder and decoder units to optimize feature extraction and recon-
struction across scales. This balanced structure enhances spatial detail
retention during downsampling and upsampling, which is crucial for
accurate segmentation boundaries in medical imaging. Additionally,
maintaining symmetry between encoder and decoder units supports
stable gradient flow, improving the model’s ability to capture fine
details [59,60]. To identify the most effective architecture, we eval-
uated multiple DSNet configurations with varying depths and stages.
Through comparative analysis, we selected the DSNet structure that
offered the best balance between segmentation accuracy and parameter
efficiency. In Table 1, we present the segmentation performance and
model parameters for DSNet across different stage configurations (4, 5,
and 6 stages) after training for 50 epochs. We evaluated segmentation
accuracy using IoU and DSC scores for the WT: Cyan, TC: Navy Blue,
ET: Magenta regions. As observed, the 5-stage DSNet configuration
achieved the best balance between segmentation accuracy and model
complexity, producing IoU scores of 0.837 for WT, 0.856 for TC, and
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(¢) With Skip Connection

Fig. 9. Segmentation results for case BraTS20_Training_024. (a) Ground truth segmentation mask, (b) DSNet prediction without skip connections, and (c) DSNet
prediction with skip connections. Tumor subregions are color-coded as follows: WT (Cyan), TC (Navy Blue), and ET (Magenta).

Table 1

Comparison of coefficient scores (IoU and DSC) for each segmentation class
(WT, TC, and ET) across different DSNet stages (4, 5, 6). The final row displays
model parameter counts for each stage configuration.

4 Stage 5 Stage 6 Stage
WT 0.782 0.837 0.834
IoU TC 0.803 0.856 0.863
ET 0.692 0.742 0.753
WT 0.842 0.909 0.908
DsC TC 0.851 0.922 0.925
ET 0.784 0.844 0.854
Parameters 7.97M 31.96M 128M

0.742 for ET. In terms of DSC, the 5-stage model performed similarly
well, yielding values of 0.909, 0.922, and 0.844 for WT, TC, and ET,
respectively. Although the 6-stage network marginally outperformed
the 5-stage model in certain classes, its parameter count (128M) was
substantially higher than that of the 5-stage model (31.96M). This
increase in complexity and computational demand led us to select
the 5-stage DSNet as the optimal architecture, as it balances high
segmentation performance with manageable computational costs. The
4-stage model, while more parameter-efficient (7.97M), exhibited lower
segmentation accuracy across all classes.

Furthermore, we discovered that adjusting the skip connections
according to the contextual levels of the encoder-to-decoder relation-
ship produced the most precise outcomes. More precisely, we found
that a symmetrical link between the encoder and decoder, which
immediately sends the outputs at each level of the encoder to an
attention unit, led to improved performance. Figs. 9(a)-9(c) illustrate
the segmentation outcomes of DSNet trained with and without skip
connections over 50 epochs. These results clearly indicate that incor-
porating skip connections enhances segmentation accuracy compared
with their absence.

To justify the choice of the DSNet architecture, an ablation study
was performed in Table 2 comparing four configurations: (i) a baseline
3D CNN, (ii) a 3D CNN with attention skip connections, (iii) a 3D
CNN with both attention skip connections and DCNN modules, and
(iv) the full DSNet incorporating an integrated critic network. All
models were trained for 50 epochs on the BraTS 2020 dataset. The
results demonstrated progressive improvements with the addition of
each component, thereby validating the effectiveness of the complete
3D DSNet framework.

Figs. 10(a) and 10(b) depict the dice and adversarial loss curves
obtained by training our model using the BraTS 2020 dataset for 250
epochs. The adversarial loss and the total segmentation loss are decreas-
ing. The coefficient scores, depicted in Figs. 11(a) and 11(b), illustrate
the efficacy of our proposed approach. Using DSC, we successfully
managed the difference between the foreground and background.

After 250 epochs, our proposed network achieved a DSC of roughly
0.96 and an IoU of over 0.92 on the validation set. Table 3 presents a
comprehensive examination of individual performance results for each
of the three classes. Although there was a possibility of class imbalance
biasing the network, our model achieved excellent performance across
all classes. The WT region exhibited a DSC of around 0.959, an IoU
of 0.923, and a SEN score of 0.952, suggesting strong segmentation
performance with minimal false negatives. In the TC and ET zones,
the Sen scores exhibited a high level of performance, whereas the IoU
levels were quite moderate. Nevertheless, the DSC scores remained
remarkable, earning a score of 0.975 for TC segmentation and 0.947
for ET area segmentation.

The quality of the predicted masks generated by our model is illus-
trated in Fig. 12 for patients BraTS20_Training 001, BraTS20_Training_
006, and BraTS20_Training 069 from the BraTS 2020 dataset. In the
figure, there are 20 images in each batch, which are segments of
a single MRI image. The figure depicts both the real segmentation
masks and the predicted results derived from our model. The high
degree of similarity between the predicted outcomes and the original
ground truth supports the accuracy of our method. We were able to
reliably identify the shapes within each category, particularly in the WT
region, with minimal variations. The model’s exceptional segmentation
accuracy demonstrates its effectiveness.

We trained our model using the BraTS 2019 and BraTS 2018
datasets, as shown in Fig. 13 and Fig. 14, respectively. The training and
validation curves depicted in these images exhibit tendencies similar
to those observed with the BraTS 2020 dataset. Despite training our
model primarily on the BraTS 2020 dataset, it has achieved impressive
outcomes for both BraTS 2019 and BraTS 2018. Our model demon-
strated exceptional performance, with DSC values nearing 0.96 for both
datasets, indicating a high level of accuracy. The loss values were low,
highlighting the effectiveness of the approach.

Table 3 displays the comprehensive DSC scores for each of the three
classes, as well as the overall validation accuracy. We found that the
DSC values for the WT, TC, and ET areas are 0.956, 0.972, and 0.93
for BraTS 2019, 0.962, 0.973, and 0.948 for BraTS 2018. According
to the BraTS 2020 study’s findings, the scores for ET segmentation are
somewhat lower. The inherent imbalance in the dataset explains this.
These results confirm that our network is skilled at training with fresh
data and achieves high levels of accuracy.

To evaluate the generalization capability of DSNet, we trained
the model on the BraTS 2020 dataset and validated its performance
using the BraTS 2019 and BraTS 2018 datasets. Table 4 illustrates the
performance metrics, including DSC, IoU, and SEN across three tumor
regions: WT, TC, and ET. The results demonstrate that DSNet achieves
consistent and high segmentation performance across datasets, indicat-
ing its robustness and ability to generalize to unseen data. Specifically,
the model achieved DSC scores of 0.946, 0.942, and 0.919 for WT, TC,
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Ablation study results showing the impact of different components in the proposed DSNet architecture. Performance is reported using DSC, IoU, and Sen for WT,

TC, and ET segmentation.

WT TC ET
DSC 0.883 0.858 0.806
3D CNN IoU 0.796 0.794 0.690
Sen 0.879 0.902 0.881
DSC 0.887 0.873 0.812
3D CNN + Skip Connections IoU 0.802 0.783 0.697
Sen 0.908 0.888 0.878
DSC 0.896 0.917 0.843
3D CNN + Skip Connections + DCNN modules IoU 0.814 0.849 0.739
Sen 0.910 0.927 0.913
DSC 0.901 0.923 0.876
DSNet (3D CNN + Skip Connections + DCNN + critic network) ToU 0.853 0.870 0.784
Sen 0.927 0.931 0.922

Table 3

Coefficient scores (mean +SD) obtained for each separate class after training with BraTS 2020, BraTS 2019, and BraTS 2018 datasets after 250 epochs. Including
standard deviations improves the robustness and credibility of the reported results.

WT TC ET
DSC 0.959 + 0.012 0.975 + 0.010 0.947 + 0.015
BraTS 2020 IoU 0.923 + 0.014 0.951 + 0.013 0.901 + 0.018
Sen 0.952 + 0.011 0.977 + 0.009 0.970 + 0.013
DSC 0.956 + 0.013 0.972 + 0.012 0.930 + 0.016
BraTS 2019 IoU 0.916 + 0.015 0.945 + 0.014 0.872 + 0.019
Sen 0.939 + 0.012 0.982 + 0.008 0.984 + 0.010
DSC 0.962 + 0.011 0.973 + 0.010 0.948 + 0.014
BraTS 2018 IoU 0.926 + 0.013 0.949 + 0.012 0.903 + 0.017
Sen 0.952 + 0.010 0.968 + 0.011 0.978 + 0.012
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Fig. 10. Loss curves obtained from training the proposed model for 250 epochs on the BraTS 2020 dataset: (a) Dice loss and (b) Adversarial loss.
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(a) Ground Truth

(¢) Ground Truth

(b) Predicted Mask

(d) Predicted Mask

(e) Ground Truth

(f) Predicted Mask

Fig. 12. Qualitative comparison of ground truth and predicted masks for three representative BraTS 2020 cases: (a)-(b) BraTS20_Training 001, (c)-(d)
BraTS20_Training_006, (e)-(f) BraTS20_Training_069. Tumor subregions are color-coded as WT (Cyan), TC (Navy Blue), and ET (Magenta).

Table 4

Coefficient scores for each class obtained by testing the BraTS 2020 model
with BraTS 2019 and BraTS 2018 datasets. The table displays the model’s
performance across different datasets, providing insights into its generalization
capabilities over multiple datasets.

WT TC ET
DSC 0.946 0.942 0.919
BraTS 2019 IoU 0.902 0.905 0.862
Sen 0.940 0.944 0.948
DsC 0.952 0.963 0.935
BraTS 2018 IoU 0.912 0.936 0.885
Sen 0.946 0.965 0.958

and ET, respectively, on the BraTS 2019 dataset, and 0.952, 0.963, and
0.935 on the BraTS 2018 dataset. The IoU and SEN metrics further val-
idate the model’s reliability, with stable performance across datasets.
These findings underscore DSNet’s potential for robust application in
clinical scenarios, where consistent segmentation performance across
diverse data distributions is critical.
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4.4. State-of-the-art comparison

The segmentation task was performed on the BraTS 2020 dataset,
and the performance of our proposed method was compared with
several state-of-the-art models utilizing various versions of U-Net-based
architectures. Table 5 provides a comparison of the DSC scores for
different methods on the three tumor regions: WT, TC, and ET. Our
model, based on a dynamic convolutional neural network and 3D
adversarial learning, achieved superior results with DSC scores of 0.959
for WT, 0.975 for TC, and 0.947 for ET. The key reasons behind the
higher performance of our method are its ability to effectively combine
dynamic convolution operations, which adaptively adjust to different
tumor features, and the use of adversarial learning, which enhances
segmentation by promoting robust feature learning in challenging re-
gions. Unlike the traditional U-Net or its variations, such as the 2D
U-Net [61] and 3D U-Net [27], which rely on static convolutions or
simple encoder—decoder architectures, our model benefits from a dy-
namic, context-sensitive approach that better captures intricate details
of brain tumor structures. This is evident from our significant improve-
ments in DSC scores, particularly in the TC region, where our method
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Fig. 13. Training results of our proposed model for 250 epochs using the BraTS 2019 dataset: (a) Total Loss, (b) Adversarial Loss, (c) DSC, and (d) IoU.
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DSC score comparison with various articles utilizing their versions of U-Net with BraTS 2020 dataset.
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Name Method Validation DSC
WT TC ET
2D U-Net [61] Their study employed a 2D CNN to create a 0.867 0.798 0.751
fundamental encoder-decoder-based U-Net-type
architecture.
3D U-Net [27] The authors proposed 3D segmentation network. 0.858 0.737 0.706
Res U-Net [65] The authors introduced a multi-pathway U-Net, 0.909 0.851 0.794
which includes a residual network with skip links.
DenseTrans [66] The authors introduces swin transformer into 0.914 0.853 0.823
U-Net++ network.
GSNet [62] The authors proposed a 3D segmentation network 0.923 0.910 0.813
that combines attention-based skip connections.
TransBTS [67] This paper introduces a novel network that uses 0.901 0.817 0.787
Transformer in 3D CNN for MRI brain tumor
segmentation.
SwinBTS [63] The paper presents a method utilizing a 0.891 0.803 0.773
swin-transformer, convolutional neural network,
and encoder—decoder structure to predict the
semantics of brain tumors.
Attention U-Net [22] The authors proposed an attention gate model. 0.855 0.759 0.718
Cascade 3D U-Net [64] The authors incorporated a parallel multi-scale 0.912 0.854 0.787
fusion module and an expectation maximization
attention mechanism into a 2-stage cascaded 3D
U-Net-type model.
Proposed Method We have employed a Dynamic Convolutional 0.959 0.975 0.947

Neural Network (DCNN) and a 3D segmentation

network based on adversarial learning.

outperforms others by a considerable margin (e.g., 0.975 vs. 0.910
in GSNet [62]). Furthermore, the integration of adversarial learning
within our architecture provides a competitive edge by promoting finer
boundary delineations, which is crucial for accurate tumor segmenta-
tion. This approach is demonstrated to enhance segmentation accuracy,
especially in challenging areas such as the ET region, where other
models such as SwinBTS [63] and Cascade 3D U-Net [64] show less
favorable results. Overall, the combination of dynamic convolutions
and adversarial learning makes our model more effective in handling
the complexities of the BraTS 2020 dataset, achieving state-of-the-art
performance across all tumor regions.

4.5. Survival prediction

In our study, we tested several state-of-the-art models to estimate
survival rates, aiming to find the best-performing one. We explored dif-
ferent machine learning methods, including Random Forest (RF) [68],
SVM [69], K-Nearest Neighbors (KNN) [70], and Multi-Layer Percep-
tron (MLP) [71]. Fig. 15 illustrates the training and validation accuracy
for each model. The RF model outperformed the others. It achieved an
accuracy of 54.6% on the validation data. To optimize the performance
of the RF model, we employed grid search, a widely used hyperparam-
eter tuning technique that exhaustively searches through a predefined
set of hyperparameters to find the optimal configuration. Grid search
systematically evaluates all possible combinations of specified hyper-
parameters, ensuring a comprehensive exploration of the parameter
space [72]. Our final configuration, consisting of 50 trees each with
a depth of 10, struck a satisfactory balance between generalization and
accuracy.

To incorporate survival-specific analysis, we extended our eval-
uation to the DeepSurv model, which adapts the Cox proportional
hazards framework into a deep neural network. DeepSurv achieved a
concordance index (C-index) of 0.525 (bootstrapped mean: 0.528; 95%
CI: 0.386-0.656), with Brier scores of 0.256 and 0.191 at 12 and 18
months, respectively. A log-rank test comparing stratified high- and
low-risk groups yielded a p-value of 0.53, suggesting no statistically
significant survival separation. For comparison, an RF regression model

12

adapted for continuous survival prediction achieved a C-index of 0.507
and a mean absolute error (MAE) of approximately 327 days. While
DeepSurv produced hazard-based outputs aligned with clinical inter-
pretability, its predictive performance was similar to RF, indicating that
dataset size and limited feature diversity may have constrained model
discrimination.

To further enhance clinical relevance, we incorporated Shapley Ad-
ditive exPlanations (SHAP)-based interpretability analysis. The SHAP
summary plot (Fig. 16) highlights the relative importance of patient-
level features in survival prediction, with age and volumetric fractions
of enhancing, edema, and necrotic tumor regions emerging as the most
influential predictors. Importantly, the analysis confirmed clinically
consistent patterns—for example, older age and larger enhancing tumor
volumes were strongly associated with reduced survival probability.
Such insights improve model transparency, making the framework
more suitable for potential clinical decision support.

4.6. Web-based application

We have created a web-based application (web app) that is user-
friendly and streamlines the entire processing pipeline in order to
facilitate the application of our model as a medical imaging instrument.
The web application is intended to receive input in the ‘.nii’ file format,
specifically 3D MRI images. It generates segmentation masks for WT,
TC, and ET regions by processing inputs from FLAIR, T1, T1ce, and T2
MRI scans, as well as the patient’s age. Furthermore, it forecasts the
severity of the patient’s condition. The web application is capable of
producing and locally saving segmentation masks in the ‘.nii’ file format
within 40 s, ensuring rapid performance. This rapidity is essential in
clinical environments, where treatment decisions can be significantly
influenced by opportune analysis. The application is accessible through
a web browser at “http://127.0.0.1:5000/” and is hosted on a local
system.

In the web application input page, users can upload the necessary
MRI scans and insert the patient’s age. The web application processes
the data and generates the output segmentation masks after providing
the inputs. Subsequently, these outputs are stored in a designated local
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Fig. 15. Comparison of training and validation accuracies for various machine learning models (SVM, RF, KNN, and MLP) in the survival prediction task. The
bar plot illustrates the performance of each model, highlighting the differences in accuracy between the training data (blue bars) and the validation data (orange

bars), thereby providing insights into each model’s generalization capability.
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Fig. 16. SHAP beeswarm summary plot for the survival prediction model. Features are ordered by importance, and each point represents a patient. The x-axis
shows the SHAP value (impact on model output), while the color gradient denotes feature values (red = high, blue = low). Age and tumor subregion fractions

emerged as the most influential predictors.

folder. This web application not only improves the efficiency and effec-
tiveness of medical imaging analysis in clinical practice but also enables
healthcare professionals to employ sophisticated Al tools without the
need for extensive technical expertise. Additionally, it simplifies the
process of medical image segmentation.

The current implementation exclusively uses publicly available,
fully de-identified BraTS datasets, which contain no patient-identifiable
information, thereby inherently complying with GDPR and HIPAA
requirements [73]. For potential clinical deployment, the system can be
extended to ensure full regulatory compliance by incorporating secure
data encryption, strict access control, anonymization of any identifiable
information, and adherence to institutional data retention/deletion
policies. The complete source code, trained model weights, and setup
instructions for running the Web application have been made publicly
available on GitHub https://github.com/AshfakYeafi/DSNet [74]. This
Web application is a research prototype intended for local single-user
use to demonstrate the feasibility of the DSNet pipeline. Comprehensive
scalability testing under varied network conditions and concurrent
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workloads lies beyond the present study’s scope and will be explored
in future work.

5. Discussion

This study demonstrates that the proposed DSNet framework
achieves state-of-the-art performance in brain tumor segmentation by
effectively integrating DCNNs with adversarial learning. Experimental
results across multiple BraTS benchmarks confirm DSNet’s superiority
over existing approaches and highlight its translational potential for
neuro-oncology. A major factor contributing to this success is the
incorporation of dynamic convolutional layers, which allow the net-
work to adapt its filters to the heterogeneous spatial and structural
properties of tumor regions. Conventional static convolutions often
struggle with irregular morphologies, whereas dynamic convolutions
enhance boundary delineation, particularly for the TC and ET. This
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adaptive mechanism addresses a long-standing limitation of CNN-
based segmentation methods and improves fine-grained localization of
complex tumor structures.

The addition of adversarial learning further strengthens segmenta-
tion quality by encouraging the generator to produce maps that closely
approximate expert annotations. This strategy reduces discontinuities
and artifacts, thereby ensuring spatial coherence across the WT, TC, and
ET regions. Such improvements directly counter a well-documented
shortcoming of deterministic CNNs, which frequently generate outputs
lacking realism in heterogeneous or high-variance regions.

DSNet also exhibits strong generalization capacity, as demonstrated
by consistent performance on BraTS 2018, 2019, and 2020 datasets.
High Dice and IoU scores suggest robustness to varying data distri-
butions without extensive retraining, a property essential for clinical
translation. However, since training and validation were restricted to
BraTS cohorts, potential dataset-specific biases remain. Future studies
will therefore extend evaluation to multi-institutional datasets such
as TCIA and ISLES to assess cross-center generalizability more rig-
orously. Although class imbalance was a challenge, stratified k-fold
cross-validation partially mitigated its effects. To further address this
limitation, future work will explore targeted augmentation strategies
such as elastic deformations and GAN-based patch synthesis, which
may improve the representation of under-represented lesion types.

Quantitatively, DSNet achieved Dice scores of 0.959 (WT), 0.975
(TC), and 0.947 (ET), outperforming leading segmentation models
including U-Net, Attention U-Net, ResU-Net, TransBTS, SwinBTS, and
Cascade 3D U-Net. Nonetheless, more comprehensive evaluations are
necessary. Metrics such as the Hausdorff distance and statistical sig-
nificance testing could provide stronger evidence of superiority but
require raw predictions from competing models, which are not cur-
rently accessible. Future benchmarking efforts will prioritize these
analyses.

Beyond segmentation, DSNet was extended with a survival predic-
tion module, further demonstrating its clinical utility. In this frame-
work, volumetric features derived from DSNet’s segmentation outputs
were used to train an RF classifier for patient outcome modeling.
Unlike deep learning models, the RF offers a practical balance between
interpretability and predictive accuracy, making it particularly suitable
for clinical contexts where explainability is essential. To enhance pre-
dictive performance, a grid search was employed for hyperparameter
tuning, improving the model’s ability to estimate survival outcomes.
Despite these optimizations, predictive accuracy remained limited due
to the small size of the available survival dataset. This limitation
underscores the importance of incorporating larger and more diverse
clinical cohorts in future studies to improve robustness, reliability,
and clinical applicability. To incorporate survival-specific modeling,
the DeepSurv framework—an adaptation of the Cox proportional haz-
ards model into a deep neural network was also evaluated. While
DeepSurv produced hazard-based outputs that aligned well with clin-
ical interpretation, its predictive performance was comparable to RF,
again highlighting dataset size and feature diversity as key limitations
in model discrimination. To improve transparency and clinical trust,
SHAP-based interpretability analysis was applied to both survival mod-
els. This analysis revealed clinically consistent patterns, such as older
age and larger enhancing tumor volumes being strongly associated with
reduced survival probability. Such insights enhance the transparency
of the survival modeling framework and underscore its potential as
a clinically relevant decision-support tool when combined with more
comprehensive datasets.

Finally, the deployment of DSNet through a lightweight web appli-
cation demonstrates its translational potential by providing clinicians
with a user-friendly tool capable of segmenting 3D MRI scans and gen-
erating survival predictions in under one minute. This design bridges
the gap between algorithmic development and real-world applicability,
aligning with the time-sensitive nature of clinical decision-making.
In summary, DSNet’s contributions lie in its dynamic convolutional
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design, adversarial learning integration, demonstrated generalization
across multiple datasets, and practical deployment for clinical use. By
explicitly acknowledging limitations and outlining avenues for external
validation, advanced augmentation, and rigorous statistical benchmark-
ing, this work positions DSNet as both a competitive and extensible
framework for precision neuro-oncology applications.

6. Conclusion

This study presents DSNet, a robust framework for brain tumor anal-
ysis that enhances 3D U-Net performance through adversarial learning,
dynamic convolutional layers, attention mechanisms, and residual con-
nections. Applied to multimodal MRI data, DSNet achieves superior
segmentation accuracy and robustness, validated by consistently high
Dice scores across tumor subregions. In addition to segmentation, the
proposed methodology includes a survival prediction component that
leverages both radiographic and clinical features to generate indi-
vidualized prognostic assessments using machine learning techniques.
The development of a user-friendly graphical interface (GUI) further
facilitates real-world adoption, enabling interactive visualization and
efficient integration into clinical workflows. By combining advanced
segmentation, predictive modeling, and user-centered design, DSNet
delivers a comprehensive, clinically relevant solution that advances
the precision, interpretability, and utility of brain tumor diagnosis and
prognosis.

Future work will focus on enhancing model generalizability by
incorporating multi-institutional and real-world clinical datasets. Ex-
panding the framework to support longitudinal analysis could enable
monitoring of tumor progression over time. Additionally, developing
explainable AI components can enhance clinical interpretability and
trust. Finally, real-world validation of the proposed GUI in clinical
workflows will be pursued to assess usability and facilitate broader
adoption.
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