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Abstract

Gliomas are the most cancerous tumors arising from the brain, accounting for
approximately 78% of all primary brain tumors. The progression of malignant
gliomas significantly reduces both survival duration and quality of life, with
long-term survival achieved by fewer than 5% of patients, with a significant
portion facing a grim outlook within 1.5 years, despite standard treatment. To
improve survival prediction and support clinical decision-making, this study
analyzes real-world data from the SEER (Surveillance, Epidemiology, and End
Results) database of the National Cancer Institute (NCI). In this study, we
identified a well-defined probability distribution that characterizes the sur-
vival times of patients with Malignant Glioma (3-Parameter Generalized Pa-
reto Probability Distribution) and derived its cumulative distribution function
(CDF) and survival function, providing estimates of the probability of patient
survival. This information proves invaluable to healthcare professionals and
the families of patients, addressing questions raised about patients, such as the
patient’s survival probability given survival beyond a specified time, or the pa-
tient’s risk or intensity of death (hazard) at time tafter surviving to that point.
This study developed an Artificial Neural Network (ANN)-based survival
analysis model, with a binary classifier predicting patient survival less than 12
months or beyond, and a multiclass model predicting survival within the first
12 months, between 12 and 24 months, or beyond 24 months. Model perfor-
mance is evaluated using multiple metrics and compared with other machine
learning algorithm approaches.
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1. Introduction

Brain tumors stem from damaged genes that regulate cell division and repair
processes. When these genes malfunction, cells can grow uncontrollably, forming
tumors. While the immune system usually defends against abnormal cell growth,
tumors can release substances that evade detection, allowing them to thrive despite
internal and external barriers to their growth. The two categories of brain tumors
are termed primary and metastatic. Primary brain tumors originate from brain
tissues or their immediate surroundings. They are further classified into gliomas
(composed of glial cells) and non-gliomas (developed on or in brain structures
like nerves, blood vessels, and glands), with the potential to be either benign or
malignant.

Glioma is a type of central nervous system (CNS) cancer affecting the glial cells.
Gliomas are the most cancerous tumors arising from the brain with approximately
78% of all primary brain tumors being gliomas. According to the American Cancer
Society, in 2023, in the United States, there will be an estimated 1,958,310 new
cancer cases and 609,820 cancer deaths. That’s approximately 5,365 new cases and
1,671 deaths every day, resulting in 4 cases and 1 death every minute [1]. In 2020,
an estimated 180,047 people were living with brain and other nervous system cancer
in the United States. Statistically, approximately 24,000 patients are diagnosed with
new cases of primary malignant brain tumors diagnosed in the United States each
year [2].

Neurons are the fundamental units of the nervous system, responsible for pro-
cessing and transmitting information. Astrocytes, oligodendrocytes, and Ependy-
mal cells play specific supportive roles, creating an environment conducive to
neuron function. These three supportive cell types, collectively known as glial cells,
can give rise to gliomas: brain tumors originating from either astrocytes, oligoden-
drocytes, or ependymal cells. The layout of the glial cells is shown in Figure 1
below [3].

Unlike many other cancers that are staged, gliomas are classified by grades,
indicating their level of aggressiveness as observed under a microscope and in
terms of their molecular characteristics. This is because they do not metastasize
outside the central nervous system. The World Health Organization (WHO) 2021
classification system categorizes gliomas into four grades, each representing a
significant difference in aggressiveness. Grades range from I (least aggressive) to
IV (most aggressive), based on factors like cell reproduction rate and the likelihood
of tissue infiltration according to WHO guidelines [4] [5]. Diagnosing a brain

tumor is a complex process that begins with a detailed medical history and physical
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examination. Advanced imaging techniques like neuro exams, CT scans, MRI,
fMRI, and PET scans play a crucial role. The MRI scan shows the tumor and
inflammation around the tumor which pushes the brain into different directions
against the bone structure, and since the brain can’t extend, as a result patient
experiences severe headaches. Other clinical symptoms will depend on the
location of the tumor. It is possible that it could affect the patient’s vision, smell,

hearing, speech, motor control, among others, as shown in Figure 2 below.
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Figure 1. Simplified view of a neuron and glial cells.
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Figure 2. MRI scan showing tumor, locations and affected clinical symptoms.
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The American Cancer Society estimated that there would be approximately
24,530 new cases of primary malignant brain tumors (including gliomas) diag-
nosed in the United States in 2021. However, this number of cases represents all
primary brain tumors and includes various types and grades [6]. In 2022, a report
by the Surveillance, Epidemiology, and End Results (SEER) Cancer Institute
stated that Brain and other nervous system cancer represents 1.3% of all new can-
cer cases in the U.S. and ranked among the top 16 cancer diseases. A further pro-
jection by SEER indicates that in 2023, there will be 24,810 estimated new cases of
brain and other nervous system cancer and an estimated 18,990 people will die of
this disease. There is a sufficient increase compared with the 22,850 and 23,890
estimated new cases reported in 2015 and 2020, respectively. These figures are
progressively increasing yearly and cannot be overlooked [6].

The latest advancement in tumor grading is the fifth edition of the World Health
Organization (WHO) Classification of Tumors of the Central Nervous System
(CNS)—WHO CNSS5, 2021, shown in Figure 3 below. This edition builds on the
2016 update, providing a more refined classification based on biological and mo-
lecular characteristics. It introduces new tumor types and subtypes, particularly
in pediatric cases. These revisions offer clinicians a deeper insight into prognosis
and tailored therapy for patients with specific CNS tumors. Additionally, they en-
hance the potential for more precise patient groups in clinical trials, facilitating
the assessment of innovative treatments. The gliomas brain tumor classification

by type and grade and molecular marker or profiling [7].
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Figure 3. Schematic diagram showing the gliomas brain tumor classification by type and
grade and molecular profiling.

The concept of learning from data has been around for a long time and is the
foundation of modern artificial intelligence (AI). Artificial neural networks (ANNs)
combine probabilistic models from classical statistics to solve various classifica-
tion and regression issues. The popularity of ANNs in health-related problems has
increased rapidly over the past decades due to their capability to identify complex

patterns in patient data. To addressing the most common questions raised by
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healthcare professionals, patients and family members such as: What is it? How
long does the patient have to live? and What are the chances? We aim to build a
supervised machine learning algorithm, Artificial Neural Network, (ANN) to pre-
dict the survival time of malignant glioma (brain tumor) patients. The ANN-based
survival analysis models are to predict the survival time of glioma patients, with a
binary classifier predicting whether a patient will survive less than 12 months or
beyond, and a multiclass model predicting survival within the first 12 months,
between 12 and 24 months, or beyond 24 months. We contend that identifying a
well-defined probability distribution that characterizes the survival times of pa-
tients with malignant glioma is a significant step toward accurately predicting sur-
vival probabilities. Using this, we can determine a patient’s survival probability at
or beyond a specified time, as well as their risk or intensity of death at a given time
after surviving to that point. It is widely recognized that parametric analysis is
more powerful in making decisions than its non-parametric analysis [8]. Addi-
tionally, other authors have noted that assuming an exponential distribution does
not always works well for studying the survival of cancer-related cases [9] [10].
Additionally, we can assess the importance of various risk factors in predicting
survival times. These insights offer crucial guidance for healthcare decision-mak-
ing and provide answers to support questions raised by patients, and their fam-

ilies.

2. Methodology and Materials
2.1. Data Description

The data used in this research are from the SEER (Surveillance, Epidemiology, and
End Results) database from the NCI (National Cancer Institute). The Surveillance,
Epidemiology, and End Results (SEER) data from the National Cancer Institute
is a population-based cancer registry of the US population [11]. The data obtained
from the SEER database constituted a total of 59,123 patients with malignant,
primary tumors of the brain and the central nervous system, diagnosed between
2010 to 2020 from 17 different registries across the United States. The data was
preprocessed and cleaned to eliminate redundancies (unknown, blanks, not
documented) and missing data in at least one of the risk factors. The resulting
data set had 21,430 patients with malignant gliomas (brain tumors). The data for
analysis comprised the survival time (the time up to which the patient survived
the disease from diagnosis to the nearest month) and survival status (dead or alive)

of the patients, along with 14 risk factors of the patient shown in Figure 4 below.

2.2. Artificial Neural Network (ANN)

An Artificial Neural Network (ANN) is a computational model inspired by bio-
logical neural networks in the human brain. ANNSs are designed to recognize pat-
terns, learn from data, and make decisions or predictions. They consist of layers
of interconnected nodes (neurons) that work together to solve complex problems
[12].
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Variables Recorded for
Malignant Gliomas Patients
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Figure 4. Variables recorded for malignant gliomas (primary brain tumor) patients.

Artificial Neural Networks have become extremely popular across a wide range
of fields due to their ability to learn from data, recognize patterns, and make ac-
curate predictions. Their impact is evident in everyday applications, from healthcare
to entertainment, including image and speech recognition, natural language pro-
cessing, autonomous driving, game playing, and financial forecasting. ANNs have
revolutionized many areas by providing powerful tools for solving complex prob-
lems that are difficult to address with traditional algorithms [13].

ANN’s adaptability and capacity to learn from data through training enable
them to extract relevant features from raw data. ANNs improve their performance
as they are exposed to more data, adjusting their internal parameters (weights and
biases) to minimize errors. This ability makes them efficient for handling large
datasets and unseen data, rendering them excellent at generalizing [14]. ANNs are
versatile and can be applied to a wide range of tasks, including classification, re-
gression, clustering, and even generative tasks. Moreover, they are largely free
from the rigid statistical assumptions required by traditional models, such as lin-
earity, normality, and homoscedasticity, making them more adaptable to diverse
and complex data patterns [15].

Artificial Neural Networks (ANNs) have been applied to survival analysis for
several decades, evolving from early exploratory studies to sophisticated deep
learning models. One of the pioneering works in this area was by Faraggi and Si-
mon in 1995, who demonstrated that ANNs could effectively model relationships
in survival data, introducing methods for handling censored data [16]. Building
on this, Biganzoli ef al in 1998 proposed a partial logistic regression approach
using feedforward neural networks, improving the modeling of survival probabil-
ities in censored data [17]. Further advancements were made by Lisboa et al in
2003, who introduced a neural network framework for survival analysis, high-

lighting its application in medical prognostics and emphasizing the flexibility of
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ANNs in handling non-linear relationships [18]. In recent years, the application
of ANNSs in survival analysis has seen significant advancements with the integra-
tion of deep learning techniques. Ching et al in 2018 developed Cox-nnet, an
ANN-based method tailored for high-dimensional omics data, demonstrating its
effectiveness in cancer prognosis [19]. Similarly, Luck et al in 2017 presented a
comprehensive approach to applying deep learning to survival analysis, introduc-
ing architectures Artifical neural networks to handle time-dependent covariates
[20]. Katzman et al in 2018 introduced DeepSurv, a deep neural network imple-
mentation of the Cox proportional hazards model, which showed substantial im-
provements in modeling complex interactions and provided personalized treat-
ment recommendations [21]. Another notable advancement was made by Lee et
al. in 2018, who introduced Dynamic-DeepHit, a novel deep learning framework
for dynamic survival analysis with competing risks, capable of handling the dy-
namic aspect of time-to-event data [22]. These advancements underscore the evo-
lution of ANNS in survival analysis, from early studies that established their po-
tential to contemporary models that leverage deep learning to handle complex,
high-dimensional data. This progression has significantly enhanced the ability to
provide accurate and personalized predictions, particularly in healthcare and

medical research, making ANNSs an invaluable tool in modern survival analysis.

2.2.1. Network Architecture: Multi-Layer Neural Network

A multi-layer neural network, also known as a multi-layer perceptron (MLP), is a
type of artificial neural network that consists of multiple layers of neurons. It is
composed of an input layer, one or more hidden layers, and an output layer, with
neurons in each layer connected to neurons in adjacent layers through weighted
connections and biases. The network learns by adjusting these weights and biases
during training to minimize the error in its predictions.

Through the feedforward process, data is propagated through the network from
the input layer to the output layer. Each neuron in a layer receives inputs from the
previous layer, computes the weighted sum of inputs, applies the activation func-
tion, and passes the result to the neurons in the next layer. The key components
and composition of a multi-layer neural network are as follows [12] [23]:

1. Input Layer: The input layer consists of neurons that receive input data. Each
neuron in this layer corresponds to a feature in the input data. Let

X = [Xl, Xyt xp] be the input vector.

2. Hidden Layers: Hidden layers are the intermediate layers between the input
layer and the output layer. A multi-layer neural network can have one or more
hidden layers. Neurons: A neuron | in a neural network can be represented

mathematically as follows:

Z;

Zn:Wij "X +b;
i=1
a; = f(zj)

where: z; is the weighted sum of inputs to neuron j, X

(1)

is the input from
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neuron | inthe previouslayer, w; isthe weight associated with the connection
between neuron i and neuron j, b, is the bias term for neuron j, f isthe
activation function, and h; is the output of neuron | after applying the
activation function.

Connections: The weights between neurons in adjacent layers are represented
as a weight matrix W), where each element Wi(jl) represents the weight of the
connection from neuron i inlayer |-1 toneuron j inlayer |.The weights
determine the strength and direction of the influence between neurons, while the
biases allow the network to shift the activation function.

Each neuron applies an activation function to its weighted input sum plus bias.

1
Common activation functions include: Sigmoid: f (z)= e
+
Tanh: f(z)= %
e’ +e

ReLU (Rectified Linear Unit): f (z)=max(0,z)

Softmax: f(z;)= ;- (used in the output layer for multi-class classi-

€

« €
2
fication)

The network learns from data through a process called training. During training,
the network adjusts the weights of the parameters to minimize a loss function, J
using an optimization algorithm such as gradient descent and backpropagation.

The weight update rule for gradient descent can be expressed as:

wl) =) _ g9 )

where « is the learning rate.

Backpropagation involves computing the gradients of the loss function with
respect to the weights using the chain rule and updating the weights accordingly.
Theloss function J(w,b) measures the difference between the predicted output

¥ and the true output Y . The choice of the loss function depends on the specific
task the neural network is being trained for. For classification tasks, where the goal
is to predict class labels, the Cross-Entropy Loss (also known as the log-loss) is
commonly used. The form of the cross-entropy loss depends on whether the
classification is binary or multi-class. For binary classification, where the output

is either 0 or 1, the binary cross-entropy loss function is defined as:
1 N N
‘](W'b):_EZ[yi IOg(Yi)+(1_yi)IOQ(l_yi)]' 3)
i1

where: Y, is the true label (0 or 1) for the i -th training example, §. is the
predicted probability that the output is 1 for the i -th training example.

For multi-class classification, where there are K possible classes, the categorical
cross-entropy loss function is defined as:
13K -
I(wb) == 33 Vi log (§i) @)

i=1

iN
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where: K is the number of classes, vy, is a binary indicator (0 or 1) if class
label k is the correct classification for the 1 -th training example, y,, is the
predicted probability that the i -th training example belongs to class k. During
training, we need to specify the optimization algorithm to use. For example, RSM
prop, Stochastic Gradient Descent, Adam) and the rationale behind its choice.
Epochs and Batches: During training, the dataset is divided into batches, and the
network goes through multiple epochs. The weight updates are typically performed
after processing each batch. Detail the training procedure, including the number
of epochs, batch size, and any techniques used to prevent overfitting such as dropout,
early stopping, regularization.

3. Output Layer: The output layer consists of neurons that produce the final
output of the network. The number of neurons in the output layer depends on the
task. For example, in a classification task with K classes, the output layer will
have K neuronsand for a network with L layers, the final output is computed

as:
(LD
ZEL) -y vvi(jL)ai(L—l)_i_bgL)
i=1

y=at) = f (Z(L)).

(5)

4. Evaluation: After training, the network is evaluated on a separate validation
or test dataset to assess its performance. Based on the problem you are tackling,
we define the metrics used to evaluate the model’s performance, such as accuracy,
precision, recall, F1 score, ROC-AUC for classification, and RMSE, MAE for
regression. A simplified artificial neural network architecture with the description

above is shown in Figure 5.

Input Hidden Output
Layer Layer Layer

Figure 5. Artificial neural network architecture.

2.2.2. Implementation of the ANN Model
We used the data described under the data description, which are patients with
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malignant gliomas (brain tumors) along with 14 risk factors. The continuous risk
factors were normalized, and categorical variables were one-hot encoded. The
data was then split into a training set (90%), a validation set (7%), and a test set
(3%). Below is the structure of the data and the algorithm flowchart shown in
Figure 6. No data balancing techniques were applied during preprocessing. All
class distributions in the validation and test sets reflect the original dataset to

ensure realistic performance evaluation.

SEER Data
(N=59,123)

Data Cleaning and Pre-Processing
(N=21,430)

Data Splitting
(N=21,430)

Training Set Validation Set Test Set
90% (n=19,287) 7% (n=1,497) 3% (n=646)

Hyperparameter Tuning &
Early Stopping

Artificial Neural Network
Architecture 5 Model Evaluation
X-train, Y-train
l Model Performance X :
(Training / Validation Monitoring) ' g Final Performance Matrices

Figure 6. Schematic diagram showing the data structure and algorithm flowchart.

Model Training

2.2.3. The Art of Model Training

Building an Artificial Neural Network (ANN) model is typically an empirically
iterative process. This involves experimenting with different model architectures
and hyperparameters through training data by iteratively updating their parame-
ters to minimize a defined loss function, an approach known as empirical risk
minimization.

In the art of model training, we went through the crucial processes to find an
optimum neural network model based on performance for our objective. We built
an ANN binary classifier to predict the survival time of patients with malignant
gliomas. The survival time was split into two categories using the mean survival
time of 11.73 = 12 months. The classifier aimed to distinguish between patients
who could survive beyond 12 months and those whose survival would be within
12 months. To develop this binary classifier, we considered various configurations
and options through a trial-and-error approach. The configurations explored are
detailed below:

Model Architecture. We experimented with different model architectures, in-
cluding deeper or wider networks. This involves adjusting the number of hidden
layers and the number of units (neurons) in each layer. The goal was to find a
balance that allowed the model to learn complex patterns without overfitting.

Weight Initialization: Different weight initialization techniques were tested to en-
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sure that the initial weights of the model were set optimally. Activation Functions:
For the hidden layers, we tried different activation functions such as Tanh and
ReLU. The choice of activation function affects how the neural network learns and
represents complex patterns in the data. For the output layer, we used the sigmoid
activation function to produce probabilities for the binary classification task. Reg-
ularization: To prevent overfitting, we applied regularization techniques. L2 reg-
ularization (weight decay) and dropout regularization were particularly useful. L2
regularization adds a penalty to the loss function proportional to the square of the
weights, discouraging overly complex models. Dropout regularization involves
randomly setting a fraction of the neurons to zero during each training step, which
helps to prevent the network from becoming too reliant on any single neuron.
Hyperparameter Tuning: We performed hyperparameter tuning to find the best
combination of hyperparameters for training our dataset. This included experi-
menting with different learning rates, batch sizes, numbers of epochs, activation
functions, and early stopping. Learning rate. controls how much the model’s
weights are adjusted during each iteration. The learning rate determines the size
of the steps the model takes while optimizing. Batch Size: We experimented with
different batch sizes to find the optimal batch size that balances training speed and
model performance. The batch size used during training was adjusted to balance
the trade-off between training speed and generalization. Epochs and Early Stop-
ping: Training was conducted over multiple epochs, and early stopping was im-
plemented with patience values. Early stopping monitors the model’s perfor-
mance on the validation set and stops training if there is no improvement after a
certain number of epochs. Algorithm Optimization: When it comes to algorithm
optimization, there are several optimizers available, such as Momentum, RMS
Prop, and Adam, among others. For our model, we decided to use the Adam op-
timizer. Adam is a combination of Momentum and RMS Prop and is one of the
most commonly used optimizers in neural network models due to its efficiency
and effectiveness in handling sparse gradients on noisy problems. Adam com-
putes adaptive learning rates for each parameter, which helps in achieving faster
convergence and better performance. Loss Function: Binary cross-entropy loss
was used as the loss function. This is appropriate for binary classification tasks as
it measures the performance of a classification model whose output is a probabil-
ity value between 0 and 1. For the multi-class model, we employed the softmax
activation function in the output layer and used categorical cross entropy as the
loss function.

These steps collectively ensured that our model was well-tuned and capable of
delivering high performance in predicting the survival time of the patients. Table
1 and Table 2 present the process described in the ANN model building and
implementation.

After running different versions of the ANN models shown in Table 1 and Ta-
ble 2, our proposed model (best model selected) for both binary and multi-class

classification is a 4-layer architecture with 3 hidden layers [64, 32, 16]. The model

DOI: 10.4236/jdaip.2026.141007

129 Journal of Data Analysis and Information Processing


https://doi.org/10.4236/jdaip.2026.141007

E. Tetteh-Bator et al.

parameters are as follows: dropout = 0.2, learning rate = 0.001, optimizer = Adam,

batch size = 32, epochs = 50, and patience = 10.

Table 1. ANN models architecture and specifications.

ANN Model Hidden Layers Activation Function Activation Function Loss
odels
Architecture (Hidden Layer) (Output Layer) Function
Bi Classifi Bi C
1naty LAasstier [128, 64, 32, 16] Tanh, ReLU Sigmoid (Dense = 3) 1nary L.ross
(<12=0,=2=12=1) Entropy
Multi-L Classifi Cat ical C
ti-ayer Lassier [128, 64, 32, 16] Tanh, ReLU Softmax (Dense = 3) ategorical L1088
(<12=0,212=1, =24=2) Entropy
Table 2. ANN Models hyperparameter tuning/setting.
Learnin,
ANN Models Dropout Batch Size ela{at J Epoch Early Stopping
e
Bi Classifi 0.1 [10, 20,
inary Classifier
(<12 —Yo 12-1) [0.2,0.3,0.4] [64, 32] 0.01 30, 50, [5, 10, 20, 30, 50]
Tt 0.001 100, 200]
. . 0.1 [10, 20,
Multi-Layer Classifier [0.2,0.3,0.4] (64, 32] 0.01 30, 50, (5, 10, 20, 30, 50]
(<12=0,212=1,>24=2) 0.001 100, 200]

2.3. Random Forest (RF)

Random Forest is an ensemble learning method that constructs multiple decision
trees during training and outputs the class that is the mode of the classes (classi-
fication) or mean prediction (regression) of the individual trees. The process in-
volves bootstrap sampling, where the training dataset is randomly sampled with
replacement to create multiple subsets. For each subset, a decision tree is built
using a random subset of features at each split. The predictions of all the trees are
then combined through voting (for classification) or averaging (for regression) to

produce the final output.

2.4. Logistic Regression

Logistic regression as a binary classification model can be likened to an Artificial
Neural Network (ANN) with one hidden layer. It predicts the probability of a bi-
nary outcome using a logistic function, similar to an ANN’s input, hidden, and
output layers. The process involves defining the model, estimating coefficients us-
ing maximum likelihood estimation, and making predictions by converting inputs

to probabilities and applying a threshold.

2.5. Gradient Boosting Machine (GBM)

Gradient Boosting Machine (GBM) is an ensemble learning technique used for
classification that builds models sequentially, with each new model correcting the

errors of the previous ones, combining the strengths of multiple weak learners,
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usually decision trees. The process begins with an initial weak model, such as a
small decision tree. The residual errors of the model are then calculated, and a
new model is fitted to these residuals. This new model is added to the ensemble,
adjusting the predictions accordingly. The steps of calculating residuals, fitting
new models, and updating the ensemble are repeated for a specified number of

iterations or until convergence.

2.6. K-Nearest Neighbors (KNN)

K-Nearest Neighbors (KNN) is a non-parametric, instance-based learning algo-
rithm that classifies a data point based on the classification of its neighbors. The
process begins with distance calculation, where the distance between the input
data point and all points in the training set is computed, commonly using Euclid-
ean distance. The K closest neighbors to the input data point are then selected.
For classification tasks, the class of the input data point is determined by a major-

ity vote of its neighbors.

3. Results

3.1. Model Performance and Evaluation

Our proposed ANN-based survival analysis models aim to predict the survival
time of glioma patients. A confusion matrix is a table used to evaluate the perfor-
mance of a classification algorithm. It is especially useful for understanding the
performance of a model in binary and multiclass classification tasks. The matrix
compares the actual target values with those predicted by the machine learning
model. The structure of the confusion matrix for a multi-class classification typi-
cally does not differ much in meaning from the content presented above. Figure
7 below shows the confusion matrix of the ANN BC Model classifier.

Confusion Matrix for ANN BC Model in Prediction Survival Time of Glioma Patients
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Figure 7. Confusion matrix for ANN BC model.
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The predictions indicate the following: A True Negative (TN) count of 390 in-
dicates that the model correctly predicted that 390 patients would survive less than
12 months. The False Positive (FP) count of 14 means the model predicted that 14
patients would survive 12 months or more, but they actually survived less than 12
months. A False Negative (FN) count of 42 indicates that the model predicted that
42 patients would survive less than 12 months, but they actually survived 12
months or more. Lastly, the True Positive (TP) count of 200 means the model
correctly predicted that 200 patients would survive 12 months or more. The over-
all accuracy of the ANN BC Model is 0.9126; (91.26%). The incorrectly predicted
(error) survival times by the model is due the False Positive and False Negative.
Type I Error (False Positive) was predicting survival of 12 months or more when
the actual survival is less than 12 months. In the model, this corresponds to the 14
false positives. Type II Error (False Negative) was predicting survival of less than
12 months when the actual survival is 12 months or more. In the model, this cor-
responds to the 42 false negatives.

The implications of false positives and false negatives in predictive models for
patient survival can profoundly impact both patients and their families. False pos-
itives, where the model wrongly predicts longer survival times, can lead to unjus-
tified hope, only to be shattered when reality sets in, causing emotional and psy-
chological distress. Conversely, false negatives, where shorter survival times are
predicted when patients actually have longer lifespans, can instigate unnecessary
anxiety and stress due to a mistaken poor prognosis. In medical contexts, often
false negatives are considered more critical because missing a diagnosis can have
immediate life-threatening consequences. However, both types of errors are crit-
ical to minimize to ensure accurate patient care and effective allocation of re-
sources. Research has shown that the clinical consequences of false positives and
false negatives are rarely symmetric, and clinicians may prioritize sensitivity over
specificity in high-stakes medical decision making to reduce the likelihood of dan-
gerous missed diagnoses [24] [25]. Additionally, screening studies highlight that
false positives can lead to unnecessary procedures and psychological distress,
while false negatives may result in delayed treatment or false reassurance. Cost-
sensitive approaches in machine learning further underscore the need to weight
these errors differently based on their real-world impact [26].

The ANN multiclass model predicts whether a patient will survive within the
first 12 months, between 12 and 24 months, or beyond 24 months shown in Figure
8. The diagonal elements of the matrix represent correct predictions, with 246
instances correctly predicted for patients surviving less than 12 months (class 0),
156 instances for those surviving 12 - 24 months (class 1), and 61 instances for
those surviving more than 24 months (class 2). The off-diagonal elements indicate
misclassifications. Model performance insights indicate that the high diagonal
values suggest reasonably good accuracy, particularly for patients surviving less
than 12 months and those surviving 12 - 24 months. However, the model tends to

confuse patients surviving more than 24 months with those surviving 12 - 24
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months more often than with those surviving less than 12 months. The overall
accuracy of the ANN multiclass model is 0.8134 (81.34%).

Confusion Matrix for ANN Multi-Class Model in Prediction Survival Time of Glioma Patients
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Figure 8. Confusion matrix for ANN multi-class model.

3.2. Model Loss

Figure 9 shows the training and validation loss from the ANN model, where a lower
loss value indicates better model performance. Both the training and validation
losses decrease rapidly, indicating that the model is learning and improving its
performance on both datasets. The validation loss levels off while the training loss
continues to decrease slightly, suggesting no risk of overfitting. The minimal gap
between training and validation loss demonstrates the model’s strong generalization
ability on unseen data. As the validation loss has stopped improving significantly
while the training loss continues to decrease, it may be an optimal point to stop
training to prevent overfitting. Overall, the plot indicates that the ANN model has
learned effectively, with both training and validation loss decreasing over the

epochs.

3.3. Models Performance Metrics

We considered specificity, sensitivity, the F1 score, and the area under the receiver
operating characteristic curve (AUC) to provide a comprehensive evaluation. Sen-
sitivity measures the proportion of true positive instances among the actual posi-
tive instances, while specificity measures the proportion of true negative instances
among the actual negative instances. The F1 score, which is the harmonic mean
of precision and recall, provides a single metric that balances both concerns. The

AUC offers an aggregate measure of performance across all classification thresh-
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olds, with a higher AUC indicating better model performance. By presenting these
metrics, we aim to compare the ANN model to other supervised machine learning

models built on the same dataset and highlight their capacities.

Model loss

train_loss
val_loss

Figure 9. Evaluation the ANN BC model loss.

Table 3. Performance metrics summary of the models.

Models Accuracy  Sensitivity  Specificity F1 Score AUC
ANN BC 0.9126 0.8250 0.9651 0.8761 0.90
RF 0.8908 0.7686 0.9642 0.8416 0.87
Logistic 0.8574 0.7215 0.9391 0.7917 0.83
GBM 0.8515 0.7029 0.9268 0.7834 0.82
KNNs 0.8425 0.7143 0.9342 0.7706 0.81
ANN MC 0.8134 0.6827 0.8611 0.6972 0.85

The performance metrics comparison of models reveals distinct strengths and
weaknesses across different criteria, as shown in Table 3. In terms of accuracy, the
Artificial Neural Network Binary Classifier (ANN BC) leads with a score of 0.9126,
followed by the Random Forest (RF) at 0.8908, indicating both models make the
most correct predictions. Logistic Regression, Gradient Boosting Machine (GBM),
and K-Nearest Neighbors (KNN) show moderate accuracy, while the Artificial
Neural Network Multi-Class (ANN MC) lags behind. ANN BC again performs
best with a sensitivity of 0.8250. RF follows with 0.7686, while Logistic Regression
and KNN are slightly lower but still competitive.

For specificity, ANN BC and RF are almost tied, with scores of 0.9651 and

0.9642, respectively, indicating they are excellent at correctly identifying negatives.
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Logistic Regression, KNN, and GBM also perform well, though slightly lower, and
ANN MC has the lowest specificity.

In terms of the F1 score, which balances precision and recall, ANN BC stands
out with a score of 0.8761. RF follows with 0.8416, showing good balance. Logistic
Regression, GBM, and KNN have moderate F1 scores, while ANN MC has the
lowest, indicating the least balance between precision and recall, which is under-
standable because it handles three classifications as compared to the others with
binary classifications.

For the AUC (Area Under the Curve), which measures the model’s overall abil-
ity to distinguish between classes, ANN BC leads with 0.90, demonstrating supe-
rior discriminative ability and the best overall performance in distinguishing be-
tween classes. RF follows with 0.87, and while Logistic Regression and GBM are
close, ANN MC performs better with 0.85, becoming better than Logistic Regres-
sion and GBM, KNN’s, despite its lower performance in other areas. The Gradient
Boosting Machine (GBM) has an AUC of 0.82, closely followed by the K-Nearest
Neighbors (KNN) model with an AUC of 0.81, both indicating moderate perfor-
mance.

The ROC curves and AUC values for the different models are displayed in Fig-

ure 10.
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Figure 10. The ROC curves and AUC values for all models.

Overall, the ANN BC model consistently outperforms others across most met-
rics, making our built-proposed model the best choice model. The other models
show varying degrees of performance, with the random forest (RF) performing

relatively well and could be considered a reliable alternative.
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3.4. Relative Importance

The relative importance of risk factors was estimated using an artificial neural
network-based connection-weight approach. After training the ANN model, the
contribution of each input variable was quantified by aggregating the absolute
values of the connection weights linking input neurons to the hidden layer and
subsequently to the output node. These aggregated weights reflect the relative
influence of each predictor on the model’s output. The resulting values were
normalized to sum to 100%, yielding relative importance scores that were used to
rank the top contributing risk factors. Figure 11 shows the rank of the top 10 risk
factors by their relative importance in contributing to the survival time of glioma

patients.

Top 10 Variables by Relative Importance
Age -
TTI -
Molecular_Markers -
Grade -

Int_Diagnosis -

Chromosome1p19q -

Tumor_Location -
Race/Ethnicity -
Tumor_Size

Num_Tumors A

10 15 20
Relative Importance (%)

Figure 11. Ranking of risk factors based on relevance importance.

The most significant factor is Age, with a relative importance of 27.27%, indi-
cating that the age of the patient is the strongest predictor of survival time. This
aligns with medical literature, which often highlights that older age is associated
with poorer prognosis and less survival time in glioma patients due to the body’s
decreased ability to tolerate aggressive treatment and the presence of comorbidi-
ties. Thereby explicitly recognizes age at diagnosis as a key clinical prognostic in-
dicator to tumor biology, molecular subtypes, and survival outcomes [27] [28].
The second most important variable is TTI (Time to Treatment Initiation) at
14.77%. This underscores the critical role of timely intervention in improving sur-
vival outcomes, as patients who start treatment early generally have longer sur-
vival times than those who delay. Early treatment may limit tumor progression
and improve the effectiveness of therapeutic interventions [29]. Molecular Mark-
ers, contributing 11.36%, are also crucial, reflecting the growing recognition of
genetic and molecular profiling in tailoring personalized treatment plans and pre-
dicting patient outcomes. The Grade of the tumor, with a 10.23% importance, is

another significant factor, as higher-grade tumors are typically more aggressive
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and associated with shorter survival times. This is coherent with finding that mo-
lecular profiling refines survival prediction beyond histology and that tumor
grade remains a strong determinant of aggressiveness and survival, which forms
the global clinical standard for glioma diagnosis and prognosis [30]. Chromosome
1p/19q codeletion status, contributing 7.39%, is a well-documented prognostic
marker in glioma, with studies showing that patients with this genetic alteration
often have better responses to treatment and longer survival. A study emphasized
the prognostic significance of 1p/19q codeletion in glioma. The ninth and tenth
top risk factors are tumor size (4.55%), indicating the extent of disease burden,
and Number of tumors (3.98%), which could complicate treatment and prognosis
[31]. These findings are supported by various studies and medical literature,
which consistently highlight the multifactorial nature of glioma prognosis. For
instance, a study by Lacroix et a/ found that younger age, smaller tumor size, and
certain molecular markers were associated with improved survival [32]. We are
able to identify top 10 significant risk factors which contributes to the ANN model
in predicting the survival times of patients with Malignant Gliomas.

3.5. Generalized Pareto Distribution for Survival Analysis of
Patients with Malignant Gliomas

We identified a well-defined probability distribution that accurately characterizes
the behavior of the survival times of malignant glioma patients as the 3-Parameter
Generalized Pareto Probability Distribution. The use of the 3-parameter General-
ized Pareto distribution in generating these survival probabilities provides a ro-
bust method for modeling the extreme values and tail behavior of survival times
across the different significant identified risk factors. Before proceeding to per-
form the parametric analysis of the survival times of patients with Malignant Gli-
omas, we sought to determine if there was a difference in survival times based on

gender (ie., male and female) using the log-rank test [33].

Sex Female Male
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.
b
o
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Figure 12. Log-rank test for difference in survival time of gender.
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From Figure 12, the log-rank test yielded a large p-value of 0.23, indicating a
failure to reject the null hypothesis (ie. H,: g, = x4 ) that there is no difference
in survival times between males and females. Since there is no discernible differ-
ence in survival times between males and females, we proceeded with the para-
metric analysis without stratification based on gender. Through the parametric
analysis, we determined that the probability distribution that accurately charac-
terizes the behavior of the survival time of patients with Malignant Gliomas fol-
lows a three-parameter General Pareto Probability Distribution.

Given the real-world nature of the data, there is a need to validate the choice of
the distribution. The statistical analysis emphasized empirical goodness-of-fit and
tail behavior to assess distributional adequacy for real-world data containing
extreme observations. The empirical cumulative distribution function (ECDF)-
based goodness-of-fit tests were employed as the primary comparative statistical
criteria by evaluating agreement between the empirical cumulative distribution
function and the corresponding theoretical cumulative distribution function. The
Kolmogorov-Smirnov goodness-of-fit test is a statistical test used to determine if
a set of observations is drawn from a hypothesized continuous probability

distribution. It is based on the empirical cumulative distribution function (ECDF),

1
which is a step function that jumps up by - at each observed data point. Given

a dataset T :{tl,tz,-u,tn} from a continuous distribution with a cumulative
distribution function (CDF), the ECDF is defined as:

F(t)= %(number of observations <t).

The Kolmogorov-Smirnov statistic is based on the largest vertical difference
between the CDF and the ECDF, and is defined as:

R ()-F (0.

Under the null hypothesis that the data follow the specified distribution, the
distribution of the Kolmogorov-Smirnov statistic is known. The hypothesis is

D, = max{

rejected at the o level of significance if the calculated statistic is greater than the
critical value of the theoretical distribution. Anderson-Darling test is a useful tool
for assessing the goodness-of-fit of a given dataset to a specified probability
distribution, especially when the tails of the distribution are of particular interest.
The test is based on the comparison of the observed cumulative distribution
function (CDF) to the expected CDF of the specified distribution. This test places
more emphasis on the tails of the distribution than the Kolmogorov-Smirnov test.

The Anderson-Darling statistic, denoted by
n 2i-1

A =-n-3" S =[InF(4)+In(1-F(t,;,)) ],

n

is calculated as the weighted sum of the squared differences between the observed
cumulative distribution function and the expected cumulative distribution function.

The weights are chosen based on the inverse of the variance of the expected
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distribution. The statistic A? is then compared to the critical value of the theoretical
distribution under the null hypothesis that the data follow the specified distribution.
The chi-squared statistic is calculated under the null hypothesis that the data
follow the specified distribution. The chi-squared goodness-of-fit test is a statistical
test that the expected frequencies are calculated using the cumulative distribution
function of the specified distribution. The resulting statistic follows a chi-squared
distribution with k-1 degrees of freedom, where k is the number of cells. There
is no optimal choice for the number of cells. However, each cell is required to
contain at least five data points. Given a dataset T = {tl, ty,--, tn} with cumulative
distribution function F (t) , the chi-squared statistic denoted by #” is defined

as,

2
2 n (Oi _Ei)
V4 Zi:l Ei !
where O, is the observed frequency for cell i, and E; is the expected

frequency for cell i calculated as
E = F(tz)_ F(ti)'

where t, and t, are the limits for cell i. The chi-squared statistic is calculated
under the null hypothesis that the data follow the specified distribution. The
hypothesis is rejected at the level of significance if the statistic y? is greater than
the critical value 5o, ;-

Figure 13 depicts the identified probability distribution of survival time among

malignant glioma patients.
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Figure 13. 3-P generalized pareto distribution of survival time of malignant gliomas.

Table 4 shows three different goodness-of-fit tests of the 3p-General Pareto
probability distribution of the survival times of the Malignant Glioma patients
given by the Kolmogorov-Smirnov, Anderson-Darling, and Chi-square test. The
test results revealed p-values exceeding 0.05, indicating a failure to reject the null
hypothesis, HO: the probability distribution follows the 3p-Generalised Pareto
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Probability Distribution. This suggests that the selected probability distribution
offers a robust fit for the data.

Table 4. Goodness-of-fit test of the 3-P general pareto probability distribution.

Type of Test P-value
Kolmogorov-Smirnov 0.4019
Anderson-Darling 0.4781
chi-squared 0.2026

The Generalized Pareto Distribution (GPD) is a statistical distribution used to
model extreme events or values that exceed a certain threshold. It is a flexible
distribution commonly employed in risk analysis and extreme value theory. The
GPD is characterized by three parameters: location u, scale o, and shape ¢
parameters. Given the survival time of Malignant Gliomas, t as a random
variable, then the pdf of the 3p-General Pareto probability distribution is given by,

e

l[1+Mj , if&E=0

f(tluo,&)= e e

lexp(—x_ﬂj, if £=0
o

(6)

(o3

where ¢ isthe shape parameter, which governs the tail behavior of the distribution,
o0 >0 denotes continuous scale parameter, which determines the spread or width
of the distribution, u representsthe continuous location parameter, which shifts
the distribution horizontally. To estimate the three parameters u,o,&, we apply
the maximum likelihood estimation (MLE) procedure. MLE estimates the para-
meters of the probability distribution by maximizing the likelihood function. MLE
is the most widely used parameter estimation method due to its robustness compared
to other traditional methods such as the method of moment estimation [34] [35]. To
compute the MLE estimators, we first define the likelihood function
L(m 0,&]t,t,,--,t,) which is the product of the individual probability densities
for each data point which can be expressed as follows:
we simpliflied this expression further by expanding the logarithm term and

taking the summation over the observed data points t,t,,---,t,.

L(y,a,ﬂtl,tz,---,tn):lj f(t1m0.8)
; et )
:HHHMJ ]

i-1| O (o}

Now, we take the log of the likelihood function in Equation (7), given by
InL=1In L(ti |,u,0',§)
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We can expand the logarithm term using the properties of logarithms:

log 1[1+MJ_§_ :Iog[l+Mj_§_ —logo
o o

o

Therefore, the log-likelihood function becomes:

f(y,a,§|t1,t2,...,tn):iz: |og[1+@];1—loga
:g:—(%ﬂl Iog[l+@}—log o}

i=1

(0,8t 0t )=—(%+1]anlog(l+@]—nloga 9)

Differentiate the Log-Likelihood Function, by taking partial derivatives of the

log-likelihood function with respect to each parameter:
n X —
(0,8 X, %p 0 %) =—(é+1j2log£l+uj—nlogo-
i=1 o

a. Partial derivative with respectto u:

b. Partial derivative with respectto o:

o

c. Partial derivative with respect to ¢&:

o

Next, we set each partial derivative equal to zero and solve the resulting

equations to find the maximum likelihood estimates (MLEs) of y, o,and ¢.
Ao g g
ou oo o0&

This step may involve solving a system of equations. We Verify with Second
derivatives by checking the second derivatives to ensure that the estimates are
indeed maxima.

%t k. oM
o’ a0t og
Solving these equations of the partial derivatives simultaneously for u, o,

and ¢ will give us the maximum likelihood estimates (MLEs) of the parameters
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which are given in Table 5 below.

Table 5. Parameter estimates for the three-parameter general pareto probability distribu-
tion.

Location ( /) Scale (o) Shape (é )
0.6618 14.395 -0.2918

We substitute the parameter estimates in Table 5 into Equation (6) to obtain
the estimated probability density function (pdf) of the 3p-General Pareto
Probability Distribution of the Survival Time of Patients with Malignant Gliomas,

given by:
-1/(-0.2918)-1
~0.2918(t-0.661
1 [“ 0.2918(t—0.66 8)] it es0
f(1)-14-3% 14.395 (10)
1 [_t—0.6618) if =0
14.395 14.395

The above-estimated probability density function (pdf) findings that the
survival times of Malignant Gliomas patients data follows 3p-General Pareto
Probability Distribution can ensure efficient and accurate analysis of their survival
times. Given the pdf in Equation (10), we find the cumulative density function

(CDF) by taking the integral of the pdf with respect to the random variable t,

given by:
F (1)=P(t<T)
R (tno.8)=] i (s|uo.&)ds (11)
Ve
= ;£[1+—§(X_ﬂ)] ds
o O

To solve this integral, you can use the substitution method.

S —
Let u =1+Zj(—'u) ,then du =£d5 , which implies ds = Zdu.
(o2 o f
t_
Also, when $=0, u=1,andwhen s=t, U :1+§( '”) )
o
Substituting these into the integral, we get:
1+§([7,u) 1 o
: = (o — V&1 -
Rtuo)=] o —u 7 Ja
LEtw)
:%Ll o u‘J/f—ldu
-ye -
ZE{U_} g 2
SL-vYe

l+7§(t7'u)

—u ]
_(HMJW i

o
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Therefore, the cumulative distribution function (CDF) of the Generalized

Pareto Distribution is given by:

o

e
R (t;y,a,g)zl—[nMJ (13)

Substituting the parameter estimates given in Table 5, into Equation (13), then
the estimated cumulative distribution function (CDF) of a 3-parameter General-

ized Pareto Distribution is given by:

(14)

—0-2918(t _ 0.6618) -1/(-0.2918)
14.395

F (t;,u,o:é) :1—[1+

This CDF is useful in determining that the probability of a given random
observation (survival time, t) of a patient would be less than or equal to some
value T .In other words, we can estimate the probability or likelihood of a patient
with malignant gliomas surviving up to time t . Figure 14 shows the Cumulative
Distribution Function (CDF) plot for the survival times of Malignant Gliomas
patients data. By examining this plot, we can estimate that the probability that a
patient with Malignant Gliomas survives up to time t = 12 (1 year) and 25 months
(2 years, 1 month) is approximately 0.6 (60%) and 0.9 (90%), respectively.

Cumulative Distribution Function

0.8 /

4 8 12 16 20 24 28 32 36
X

~Sample ~Gen.Pareto

Figure 14. Cumulative distribution function plot for the survival time of MG.

Now, given the Cumulative Distribution Function (CDF), of 3-parameter
Generalized Pareto Distribution in Equation (14), we obtained the survival
function §(t) of the 3P-parameter Generalized Pareto Distribution given by
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S(t)=P(t>T)
=1- FT (t)
=1-F (t u,0,8) (15)

—1- 1—(1+M]w

Substituting the parameter estimates given in Table 5, into Equation (15), then
the estimated survival function, §(t) of a 3P-parameter Generalized Pareto

Distribution is given by:

. [1+ -0.2918(t - 0.6618)}1/(0‘2918)

=1-|1-
S(t) 14.395 (16)

The survival function of 3P-parameter Generalized Pareto Distribution can be
used to estimate the probability that a patient diagnosed with malignant glioma

would survive beyond a specified time T ;thus, P(t>T).
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Figure 15. Survival estimate for the survival time of malignant glioma patients.

Figure 15 displays the estimate of the survival function S (t) of the survival
times of malignant glioma patients. As expected, we can see that the survival
function is decreasing and approaching approximately zero beyond t=36 months.
Thus, no individual is likely to survive beyond this time. In other estimates, the
probability that a patient survives beyond 9 to 10 months and beyond 24 months
is approximately 50% and 12.5%, respectively.

Given that age was identified as the most significant risk factor in predicting
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the survival time of glioma patients, we used this distribution and its estimated
parameters to plot the survival probabilities of glioma patients categorized by age
groups. This approach can also be applied to other significant risk factors to ana-
lyze their impact on the survival probabilities and hazard rates of the patients.
Figure 16 shows smoothed survival curves for glioma patients categorized by age
group, compared against a baseline curve, where each curve indicates the proba-
bility of survival over time for different age groups with survival probabilities gen-

erated using the 3-parameter Generalized Pareto distribution.

Smoothed Survival Curves by Age Group (3-P Generalized Pareto Distribution)
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Figure 16. Smoothed survival curves for glioma patients categorized by age group.

From the plot, it is evident that younger glioma patients (<45) have the best
survival rates, which gradually decrease with age. This trend is consistent with
medical literature, where younger patients generally have better overall health, fewer
comorbidities, and a better ability to tolerate aggressive treatments. Older patients,
especially those over 75, have the poorest survival rates, likely due to reduced
physiological resilience, more aggressive tumor biology, and the presence of other
health conditions that can complicate treatment. The 45 - 54 age group has a lower
survival probability compared to the under-45 group but still shows relatively
better survival rates. The 55 - 64 age group shows a further decrease in survival
probability, indicating a decline in survival rates as age increases. 65 - 74 age group
has a significantly lower survival probability, reflecting the impact of advancing
age on survival. It also highlights the importance of age-specific approaches in the
management and treatment planning for glioma patients. The use of the 3-parameter
Generalized Pareto distribution in generating these survival probabilities provides
a robust method for modeling the extreme values and tail behavior of survival

times across different age groups.
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3.6. Comparison of the 3-Parameter Generalized Pareto
Probability Distribution with the Kaplan Meier Estimation
of the Survival Function

Parametric survival analysis revealed that the survival times of patients with ma-
lignant gliomas follow the three-parameter Generalized Pareto Probability Distri-
bution. In parallel, we performed a non-parametric analysis using the Kaplan-
Meier estimator to determine the survival probability of these patients. We then
compared the survival probability estimates from the 3-parameter Generalized
Pareto distribution with those from the Kaplan-Meier estimator. The Kaplan-
Meier (KM) estimate, introduced by Edward L. Kaplan and Paul Meier in 1958, is
a non-parametric method used to estimate survival probabilities over time. The
KM estimate, often referred to as the product-limit estimator, calculates the prob-
ability of survivorship at a given time, known as survival time. Kaplan-Meier (KM)
estimator is widely used in survival analysis for assessing recovery rates, death
probabilities, and treatment effectiveness due to its ease of use in estimation, how-
ever it falls short compared to parametric survival analysis in decision-making
power [36].

Table 6. Kaplan-Meier ( S, (t) ) vs parametric (3-Parameter generalized pareto, Sgp (t))

estimates of survival probabilities.

& éKM (t) éGP (t) 4 éKM (t) éGP (t)
1.00 0.977 0.986 19.00 0.433 0.203
2.00 0.941 0.946 20.00 0.418 0.198
3.00 0.897 0.852 21.00 0.398 0.186
4.00 0.859 0.804 22.00 0.388 0.158
5.00 0.816 0.750 23.00 0.373 0.137
6.00 0.783 0.658 24.00 0.360 0.125
7.00 0.748 0.621 25.00 0.349 0.103
8.00 0.717 0.585 26.00 0.342 0.093
9.00 0.687 0.557 27.00 0.329 0.089
10.00 0.663 0.489 28.00 0.323 0.083
11.00 0.635 0.429 29.00 0.313 0.063
12.00 0.607 0.402 30.00 0.304 0.061
13.00 0.577 0.397 31.00 0.299 0.039
14.00 0.550 0.354 32.00 0.286 0.034
15.00 0.522 0.329 33.00 0.282 0.028
16.00 0.496 0.296 34.00 0.275 0.025
17.00 0.473 0.264 35.00 0.272 0.022
18.00 0.454 0.224
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Table 6 presents the survival times and corresponding survival probabilities
from both methods. The probability estimates from the 3-parameter Generalized
Pareto survival function are generally lower compared to those from the Kaplan-
Meier estimator. At earlier time points, the two methods produce similar survival
probabilities, indicating strong agreement in regions with abundant observed
events. As time increases, systematic divergence is observed, with the parametric
GPD yielding lower survival probabilities than the Kaplan-Meier estimator. This
divergence reflects fundamental methodological differences between the two ap-
proaches. The Kaplan-Meier estimator provides an empirical, stepwise estimate
of the survival function based solely on observed event times and does not impose
distributional assumptions. In contrast, the 3-parametric GPD model yields smooth
survival estimates based on an assumed distributional form, allowing for more
stable estimation and tail extrapolation. Therefore, it should be prioritized as the
primary alternative for analyzing cancer survivorship data. The Non-parametric
methods are only strongly recommended when there is no available parametric
probability distribution for the dataset and are particularly noticeable with limited
sample sizes. Accordingly, the parametric GPD model provides a structured rep-
resentation of long-term survival trends under validated assumptions, while the
Kaplan-Meier estimator remains an important non-parametric benchmark for
descriptive survival analysis. The two methods should therefore be viewed as com-
plementary rather than hierarchical, with their use guided by the analytical objec-

tive and the underlying data characteristics.

4. Conclusions

The endeavor to enhance the survival time, or prolong life, of patients with ma-
lignant glioma (MG) has prompted the adoption of various research approaches
and methodologies. In this study, we built supervised machine learning ANN-
based survival analysis models to predict the survival times of malignant glioma
patients. We aim to answer the question of how long a patient has to live by pre-
dicting whether patients will survive up to 12 months (1 year), between 12 to 24
months (up to 2 years), or beyond 24 months (2 years). The proposed ANN model
can identify the top 10 significant risk factors in predicting the survival times of
the patients.

We identified a well-defined probability distribution that characterizes the sur-
vival times of malignant glioma patients. Subsequently, we derived its cumulative
distribution function (CDF) and survival function, which provided estimates of
the probability of patient survival. Additionally, we estimated the proportion of
survival times using the commonly employed Kaplan-Meier (KM) estimator for
survivorship analysis. We then compared and contrasted these results with the
survival probability estimates obtained from our identified distribution. This in-
formation is invaluable to healthcare professionals and the families of patients,
addressing questions about the chances of survival of the patient up to or beyond

a certain specified survival time £ post-diagnosis. Specifically, we answer the ques-
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tion of the probability of patient survival up to or beyond time # Considering that
age is the most significant risk factor influencing survival predictions, we analyzed
the survival probabilities of the survival times across different age groups.

This study is limited by class imbalance in the outcome variable. To preserve
real-world prevalence, no data balancing techniques were applied, which may
have contributed to uneven error rates, particularly a higher number of false neg-
atives. Future research may evaluate cost-sensitive or resampling approaches to
enhance minority-class detection.

Our proposed ANN-based survival analysis models serve as efficient alterna-
tives to conventional survival analysis models, offering enhanced predictive power.
The identification of the 3-Parameter Generalized Pareto Probability Distribution
stands out as superior, providing a higher degree of accuracy in estimating the
survival probability of patients diagnosed with malignant glioma compared to the

non-parametric Kaplan-Meier method.
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