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Abstract—This work introduces a brand-new approach to be
employed for correctly assessing healthy person’s brain aging,
masking what constitutes the most serious challenge in the fight
against age-related cognitive decline. An approach is serviced by
2D CNNs, a simpler technology to state-of-the-art 3D model, to
yield close to accurate forecast. Our algorithm improves telling
in two respects. By virtue of this, we will utilize well-known
ImageNet-pre-trained classifiers to suggest initial brain age
predictions. This process sets the tone of the core of our business
model in terms of dependability and reliability. Next, we
improve the networks’ performance through progressively
expanding their capacity via fine-tuning on pre-segmentation
tasks using the neuroimaging datasets which are openly
available. This stage increases the predictive accuracy in
addition to ensuring that there is transparency and flexibility
because it utilizes open datasets. Our research's strength is that
it encompasses all techniques and fields necessary for brain age
estimation and adopts justifiable evaluation metrics. As a result,
this conduct adds to the literature. Qur study not only points out
deficiencies in private datasets but reels out the validity of our
approach by using the public data instead to give the results
another direction of accessibility and reproducibility.

Keywords—2D Convolutional Neural Networks; Brain Age
Estimation;  Neuroimaging;  Public  Datasets;  Image
Segmentation.

I. INTRODUCTION

Brain aging is characterized as a biological process
caused by the accumulation of molecular and cellular damage
throughout life [1][2] The body's inability to repair the
damage leads to a subsequent loss of physiological functions.
This directly impacts sensory, motor, and cognitive functions
which, when compromised, affect the person's quality of life.

The brains of individuals who are cognitively normal
show age-related changes that include a general reduction in
brain volume and weight [3]. These changes in structure are
associated with brain atrophy, widening of the cerebral cortex
grooves, and enlargement of the cerebral ventricles, causing
loss of brain volume and possible cognitive problems. There
is evidence that diseases such as Alzheimer's or
Schizophrenia are associated with accelerated brain aging[4].

In the medical context, the role of artificial intelligence is
to transform medical data relating to a specific patient or

procedure into information that assists medical teams in
decision-making. According to [5] the use of artificial
intelligence in medicine is intended to aid in diagnoses and
interpretation of tests, and treatment recommendations,
among other essential applications involving health care.

studies have been developed that address the subject of
predicting brain age [6]. The aforementioned works
demonstrate the ability of a deep learning model to predict
the chronological age of normal patients (free from any
cognitive impairment) from brain images [7]. Brain Magnetic
Resonance Images were used in these studies as input data in
neural network models that estimate the chronological age of
patients [8]. These images have different types of acquisition,
and each one allows be highlighting of different physical
properties of the brain [9]. Due to different tissue
information, structure, and spatial resolution, the model can
detect details and subtle changes in patients' brain tissues
[10].

The results of work using deep learning models present
promising results for estimating chronological age from
magnetic resonance images of healthy patients. However, it
is important to note that some of these studies used private
datasets. The use of private data sets can generate bias in the
predictions obtained since the lack of transparency and the
possibility of broad validation by other researchers can
compromise the reliability of the results.

To address the limitations highlighted in previous studies,
this research explicitly defines brain aging not just as a loss
of physiological functions but through a detailed exploration
of its underlying mechanisms [11], including
neuroinflammation, oxidative stress, and neurodegeneration.
These processes are pivotal in understanding the specific
cognitive impairments that accompany aging, such as
memory decline, executive dysfunction, and attention
deficits, which are critically examined to underscore the
necessity of our approach. Moreover, acknowledging the
limitations in generalizability of earlier findings, this study
extends the application of deep learning models to a broader
demographic, including individuals with cognitive
impairments, thereby broadening the clinical relevance and
applicability of our findings. The selection of a public dataset,
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detailed for its representativeness and diversity, ensures that
our results are not only reproducible but also robust across
varied patient groups, setting a new standard for transparency
in neuroimaging studies.

Based on this, the present work proposes to use a public
dataset, which allows greater transparency and the possibility
of reproducing the results. Furthermore, the robustness of the
model when applied to a set of data with different
distributions will be investigated. Another approach to be
explored is the use of pre-trained models in a brain tumor
segmentation task, to later apply them to the brain age
prediction task.

The advent of artificial intelligence (Al) has precipitated
significant advancements in the field of medical imaging,
particularly through the application of deep learning
techniques to magnetic resonance imaging (MRI) data
analysis [12]. Deep learning, a subset of machine learning
characterized by models that can learn from large amounts of
data, is increasingly being utilized to enhance the precision
and efficiency of diagnostic processes [13]. Novel Al
methods, specifically deep learning algorithms, which often
utilize convolutional neural networks in the tasks related to
neuroimaging field have demonstrated outstanding
performance in  identifying  various  pathological
abnormalities to predicing biological age grounded on brain
morphology [14]. The new Al component assures to improve
not only the precision of diagnostics but also the concord of
interventions with individual patient characteristics, which,
eventually, has the potential to transform the paradigm of care
in neurology. The subsequent section further describes the
actual methodologies used in recent literature, provides
insight into the implementation of such methodologies in the
future studies, and highlights the vital importance of further
advancements in Al to cope with the challenge of brain
degeneration and subsequent cognitive status.

Our paper discloses the original deep learning model for
the recognition of age of brain using multi-branch network
architectures and sophisticated pre-training algorithms. We
achieve improving the diagnostic precision and model
generalization using the described techniques in the clinical
environment from a public data set. The approach tackles two
challenges, dataset availability as well as the capability to
scale further, it is therefore a big step forward compared to
the traditional machine learning models and it is important
for both clinical applications as well as the open science.

1I. THEORETICAL FOUNDATION

Predicting brain age is a challenging problem that could
deepen our understanding of biological processes such as
learning, development, and aging in young people, as well as
assisting in the identification of unhealthy aging processes.
Predicting brain age entails determining the age of a person
based on their brain imaging data. This is a useful tool for
researchers and practitioners who must keep track of brain
growth and aging and may warn about early
neurodegenerative symptoms26. 2D convolutional neural
networks have airecentlyentioned as a promising approach to
solving the brain age prediction problem. A 2D CNN can
learn intricate patternsin images and has been shown to
provide training outputs for a broad range of brain imaging

duties, including brain age prediction. Bintsi et al re me of
deep learning methods for brain age prediction, including 2D
CNNs [15]. In [16] a future cl model, 2D CNN, which is
applied to published MRI imaging datasets, is mentioned in
their study that produces the best brain age prediction results.
Bintsi et al. [17] Voxel-level importance maps for
interpretable brain age estimation, propose how to produce
voxel-level importance for 2D CNN brain age estimation.
Zhao et al [18] mentioned a 2D CNN brain age prediction
with a novel structure that used a set network to collect
individual slice information.

Examples of prior works Several prior works used 2D
CNNs for predicting brain age. These include Brain Age
Prediction Using Multi-Branch 2D Convolutional Neural
Networks 2020 by Zhang et al. Who studied the use of a
multi-branch 2D CNN architecture for brain age predictions
that extracts features from different hierarchy levels of the
brain [19]. Also, Brain Age Prediction Using 2D
Convolutional Neural Networks and Deep Learning 2019 by
Cole et al [20], which presents an extensive overview of using
2D CNNs for predicting brain age. Finally, Brain Age
Prediction Using 2D Convolutional Neural Networks and
Structural MRI 2017 [21] by Cole et al., discussing the 2D
CNN architecture on the base of structural MRI scans for the
same purpose. These works provide proof to the ability of 2D
CNNs to predict brain age. Thus, several CNNs enable
precise predictions on both structural and functional MRI
scans and identify which brain regions are better to be crucial
for age estimation.

Recent literature on the evolution of 2D convolutional
neural networks for brain age prediction can be distinctly
categorized by methodological novelties and application
contexts. The original work of Cole et al. 2017 [21] in their
foundational piece introduced a 2D CNN-specific
architecture for structural MRI scans, serving as an
inspiration for many subsequent studies in the field. This
work was complemented by Cole et al. in 2019 [20] , who
contributed in the field by describing different applications of
2D CNNs in brain age prediction with various imaging
modalities. Bintsi et al. in 2021 [17] proposed a new method
that uses voxel-level importance maps to define which brain
areas contribute the most to age estimation, making a critical
contribution to and full understanding of neural mechanisms
in aging. In other application contexts, Zhao et al [18] or
Zhang et al [19] work on novel set networks, or multi-branch
CNN architectures, respectively, that allow efficient
information aggregation and processing from several MRI
slices. Finally, in 2023 [16] demonstrated clinical potential of
a 2D CNN model based on public data, boasting current high
accuracy in routine MRI scans. These studies collectively
underscore the rapid advancements in CNN architectures and
underscore their potent utility in enhancing our understanding
of brain aging, offering promising directions for future
research in neurodegenerative disease detection.

A. Deep Learning
1) Artificial Neural Networks
A single artificial neuron (also called a unit) is the

simplest form of a neural network. It is based on a
mathematical model that receives input values xi that are
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associated with weights wi [22]. The values are summed into
an activation function with an externally applied bias. The
result of the function defines the model output (Fig. 1), [23].
We can represent mathematically using equations (1) and (2).

z=wTx + b (1
H= gwTlTx + b) = g(z) (2)

Where x corresponds to the input vector, w is the weight
vector and b represents the bias. The g(.) function is called
the activation function, according to (BISHOP, 2006) it
allows the unit output to result in a scalar value based on
activations resulting from non-linear operations [24] .

Among the existing activation functions, common
examples include:

Sigmoid: logistic function used for binary classification.
Produces values in the range of [0, 1] [25].

1

e—Z

o(z) =1+ 3)

bias

Fig. 1. Architecture of a Neuron

Softmax: multiclass classification. Produces values in a
range of [0, 1]. Each value corresponds to the probability of
the input data belonging to some class. The sum of the
probabilities of the N classes equals 1 [26].

o(zi) =zjvi= 12K 4

ReLU (Retified Linear Unit): returns zero for negative
values and returns the value itself for positive values.

Relu(z) = max(0,z) (5)

The architecture of a neural network contains layers of
neurons, each connected to the next; this way the information
propagates through the connections to the output layer, y”
[27], forming a network composed of input layers, hidden
layers and the output layer. Fig. 2 represents a neural network
model containing two hidden layers.

This neural network model can also be called Direct
Propagation (FeedForward). The objective of forward
propagation is to approximate the estimated output y" =
f(x|0) of y,being 8 = {W,Ef.], b,[f]} the vectors containing the
model's weights and bias parameters. This model has this
name because the information propagates through the
connected layers, being processed by Equation (6) until the
model output [28]. We can call these layers dense layers (or
fully connected layers).

H[t] = gt(w[f]H[¢-1] + b[£]) (6)

where, £ € No * is the corresponding layer, wf, B € R and
represent the weight and bias vectors; gl€R represents the
layer activation function €. Hf € R represents the vector of
layer activations .

To adjust the valuesof w that result in the best
approximation of the desired response, the backpropagation
algorithm is commonly used.

2) Backpropagation

A supervised learning model involves applying a set of
labeled training data and modifying the weights of a neural
network. During training, weights are modified to minimize
the difference between the desired response and the model
response according to an appropriate statistical criterion.
Network training is repeated for many examples in the set,
until.

Input Hidden
Layer Layer 01

. © @
e &
T inge

Hidden Qutput
Layer 02 Layer

Fig. 2. Feedforward Neural Network with two hidden layers

That the network reaches a steady state where there are no
more significant changes in the weights [29] The cost
function is an important criterion for quantitatively
describing how close the predictions came to the desired
value. It is represented by L, in equation (7). This equation
indicates how much the prediction y” is incorrect when the
actual value is y:

Ly, y).y" = f(x]0) (7
To measure the performance of a model on the training
set, the average cost over the entire set is calculated,
according to equation (8).
No
Noj—q

J(® = L(y1X(),y'®), ¥ = f(x(@)6) (®)

*  J(0) represents the average cost;
. N represents the size of the set;
. y" are the predictions;

. y are the labels.

Most training algorithms involve iterative methods to
minimize the cost function, with adjustments to the weights
being made in a sequence of steps (BISHOP, 2006) [30]. The
backpropagation method is a computational solution that
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allows calculating derivatives and applying iterative
calculations that use numerical optimization to minimize the
cost function [31]. This algorithm consists of two steps:

e Propagation: input data passes through the neural network
layers and cost calculations are performed;

e Back-Propagation: The gradient of the cost function of the
last layer is calculated. The weights of all neurons in the
network are updated through chain rule calculation.

e According to BISHOP (2006), the simplest technique
applied to this method is gradient descent (equation (9)).
owkj

—,Vk,j? C)

wlf + 1] = w[f]- 23] 1]

The parameter « is a positive constant that represents the
learning rate. Its value represents the size of the step that
controls how much progress is made in the direction of the
negative gradient from an initial point w0 [32]. The principle
of gradient descent is to build a linear model of the function
g(w), determine the descending direction in this hyperplane,
travel a distance along this direction, according to the step
size, and repeat the process until convergence, according to
[33]. It can be seen in (Fig. 3) that the algorithm starts at an
initial point (w0) and the gradient descent procedure
produces a sequence of points (wl, w2, ..., wN), which
reduces the value of g (w) at each step until reaching a
stationary point.

The higher the value of the learning rate, the greater the
probability of the algorithm exceeding the global minimum
and not converging, although it presents greater speed; on the
other hand, the lowest learning rate tends to converge to a
global minimum slowly [34].

According to [35] this equation establishes how quickly
the cost function changes when changing the weights and bias
values, offering detailed information on how the network
behaves in the face of such changes.

From this computational algorithm, several neural
network architectures were developed. In the next section, the
concept of Convolutional Neural Networks will be
introduced: networks that are commonly used for pattern
recognition in images, as in the proposed work.

3) Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are analogous to
traditional Neural Networks in that they are composed of
neurons and optimization through learning. Each neuron will
still receive an input and perform an operation (such as a dot
product followed by a non-linear function), as is the basis of
countless ANNs. From the vectors containing pixels without
image processing to the final class score output, the entire
network involves weighting functions. CNNs are used in.
Above - very large step, which may exceed the minimum and
possibly not converge; at the bottom - a very small step that
causes the gradient descent to slowly converge to the
minimum.

In computer vision, convolutional neural networks
(CNNs) are frequently utilized, particularly when text [36],
audio, and image inputs are present. Convolution operations

are used in at least one layer of CNNs, as opposed to matrix
multiplications in neural networks with dense layers [37].

Fig. 3. Effect of step choice on convergence in gradient descent

A convolutional network model's architecture is divided
into several stages [38]. Each stage's input and output are
collections of arrays known as feature maps (or feature map).
Each feature map would be a 2D array holding a color
channel from the input image, for instance, if the input is a
color image; for an audio input, each feature map would be a
1D array; and for a video or volumetric image, it would be a
3D array. Every feature map in the output denotes a distinct
feature that was taken from every place in the input [39].
Convolutional, pooling, and dense layers make up the stages
of a traditional CNN, which are then followed by
classification modules [40].

Convolution layer: In the convolutional layer, an input
tensor, and a filter tensor (kernel) generate an output tensor
through a cross-correlation operation (Fig. 4). Filters operate
as a fixed window that slides over all input regions according
to a given stride. The output of the convolutional layer is
called a feature map [41]. (Fig. 4), as it indicates the
representation of the image given by the model regarding the
patterns found in its spatial dimensions. All units in a feature
map share the same filter bank, thus generating multiple maps
for each input image [42].

These filters can be designed for different image
processing techniques, such as: edge detection (Fig. 95),
blurring and sharpening. The different feature maps formed
in this step are stacked, forming the convolution layer.

Input Kemnel Output
ORI 2

011 19| 25
3|45 * =

2|3 37143
6|78

Fig. 4. Cross-correlation operation. The shaded parts are the first output
element, as well as the input tensor and kernel elements used for the output
calculation
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Fig. 5. Effect of edge detector filter and linear activation

Pooling: Another technique that uses the sliding window
feature is pooling. The application of grouping does not take
into account the use of convolutional filters or cross-
correlation operations. According to [43] grouping operators
are deterministic, normally calculating the maximum (Figure
6) or average value of the elements in the grouping window.
According to [44] this technique allows resizing the feature
maps generated by the convolutional layers, reducing the
dimensions, summarizing similar information in the
neighborhoods of the pixels, and producing the dominant
response in that local region (Fig. 7). Reducing the size of the
feature map to a set of invariant features not only regulates
the complexity of the network but also helps to increase
generalization,

/
/
/0
i
max v ol |
g 7
1(5) F e - 7
WA S 7] LV
32._# 5 ¥
2 A L S T
L T

Fig. 6. Max pooling operation

Input Output
gl 2

2 x 2 Max K
3|45 A

Pooling 218
6|7 |8

Fig. 7. Applying max pooling to an image

Fully Connected Layers: After the feature extraction
phase, it is common to apply dense layers (fully connected)
to the output of the convolutional network (Fig. 8) to perform
machine learning tasks, such as classification (Fig. 9). Fig. 9
represents a typical CNN architecture containing a sequence
of convolutional and pooling blocks. In a CNN,
convolutional layers are typically organized in a way that

gradually decreases the spatial resolution of the
representations, while increasing the number of channels
[45].

Input Convolution

Pooling Convolution Pooling Fully connected

Fig. 8. Typical CNN Architecture containing a sequence of convolutional
blocks, composed of convolution and pooling operations; and fully
connected layers

Convolutional Neural Networks are instrumental in
image processing and pattern recognition, as they enable the
efficient extraction and learning of features from images [46].
Our methodology section will explain the CNN architecture,
encompassing convolutional layers, pooling layers, and fully
connected layers. The filters in convolutional layers process
the input and generate feature maps, which contain the most
prominent features of the input images. Pooling layers
downsize the feature maps, reducing the computational cost
and rendering the CNN invariant to small variations in the
input [47]. Fully connected layers use the extracted features
for desired purposes, such as classification or regression [48].
The subchapters will offer an in-depth explanation of the
described components to facilitate the understanding of their
operations and their effect on the CNN performance.

B. Magnetic Resonance Images

Magnetic resonance imaging uses a high-intensity
magnetic field and radiofrequency signals to produce images
of anatomical structures, allowing to detect the presence of
diseases and analyze various biological functions that occur
within the human body [49]. Its use is suitable for generating
images of non-bony parts or soft tissues of the body. The
brain, spinal cord, and nerves, as well as muscles, ligaments
and tendons are seen much more clearly with MRI than with
X-rays and CT scans. For this reason, MRI is often used to
image knee and shoulder injuries [50].

An MRI (magnetic resonance imaging) image is made up
of voxels - representation of pixels in three-dimensional
space [51]. In neuroimaging it is common to use some
standard terms to identify brain regions [52]. The volume can
be divided into 3 types of planes: coronal (superior-inferior
and left-right views), sagittal (superior-inferior and anterior-
posterior views) and axial (anterior-posterior and left-right
Views).

Structural images, such as those represented in Fig. 9
contain information related to the anatomical structures of the
brain, making it possible to visualize the gray matter, white
matter, and cerebrospinal fluid tissues. It is used in clinical
environments for visual inspection of phenomena that cause
changes in the anatomy of the brain, such as pathological
lesions, anatomical deformations and neurodegeneration,
[53].
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Fig. 9. Structural magnetic resonance images in different modalities,
demonstrating the difference in contrast between regions of the brain
structure

II1. PROPOSED METHOD

This section tells you about the main steps in the model
development process.

A. Dataset

The studies in this work aim to evaluate the difference
between chronological age and age estimated by the model,
using a set of data with a specific age distribution. Individuals
aged between 55 and 96 years were used, as cognitive
problems may appear more frequently when we take into
account the natural aging of the brain.

Structural magnetic resonance images contained in the
ADNI (Alzheimer's Disease Neuroimaging Initiative) dataset
were chosen. ADNI's primary objective is to test whether
magnetic resonance imaging (MRI), positron emission
tomography (PET), other biological markers, and clinical and
neuropsychological assessment can be combined to estimate
the progression of mild cognitive impairment (MCI) and
enable early diagnosis of Alzheimer's Disease (AD). The
chosen images comprise a total of 2751 images from 666
subjects (average age = 76.45+6.63, age range between 55
and 96 years). Data were acquired on high-field magnetic
resonance devices (1.5T and 3.0T), using the TI-MPRAGE
sequence. The data distribution can be visualized in Fig. 10.

Fig. 10. Distribution of ages (N=2751)

B. Skull Stripping

Subsequently, skull-stripping was performed, which
consists of the process of segmenting brain tissue, and
removing tissue from non-brain areas. To use a robust brain
extraction method that is not influenced by hardware changes
in MRI machines, the HD-BET algorithm was used [54].

The HD-BET algorithm is publicly available and uses an
artificial neural network model based on the U-Net
architecture to perform brain extraction in several structural
MRI sequences [55]. In addition to allowing the use of
parallel processing, the algorithm performed well in tests
carried out by [56] where it was compared with five publicly
available brain extraction algorithms reaching higher
performances than these algorithms when subjected to tests
on magnetic resonance image datasets.

C. Pipeline-Net Pre-Processing

After skull stripping, the images pass through another
type of pipeline, this time the input data is pre-processed with
methods based on the work of [57]. This process consists of
the following steps:

Cropping: the first stage of the pipeline is cropping. The
images have a large proportion of background (voxels with
zero value). To eliminate this spatial volume occupied by the
background and reduce computational complexity, each
image slice was cropped to eliminate regions with zero voxel.
The cut was made to cover the entire region of the brain
among the images present in the dataset, resulting in
dimensions of (96x96).

Normalization: the images of each patient were
normalized using z-score normalization, represented by
equation (10). This normalization is performed only within
the mask of non-zero voxels and all values outside the mask
(background) are set to 0. Instead of normalizing the entire
image, including the background, the proposed strategy
produces comparative intensity values within the region of
the brain, regardless of the size of the surrounding
background region. This technique is used in applications
involving Fig. 25 — Illustration of the Cutting Process. Pre-
processing of biomedical images, as described in (ISENSEE
etal., 2018a).

XX > 0] = w (10)

where, X represents the input data; X[X > 0] represents the
brain mask; pu is the average of the brain mask voxels; o is
the standard deviation of the brain mask voxels.

D. Slice Selection

Parts of the volume with a higher proportion of
background and little brain information were strategically
eliminated. According to [58] 40 slices (2D images) central
to the axial axis were selected to serve as input to the model
(Fig. 11). This way, the model does not need to process the
entire volume, including areas with a predominance of non-
brain regions.
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Fig. 11. Illustration of the Transformation Process into 2D Slices

Dataset preprocessing is a critical step in ensuring the
robustness and generalization of machine learning models.
Our preprocessing workflow includes skull stripping,
cropping, normalization, and slice selection, each performed
with specific goals to improve model performance. Skull
stripping, using the HD-BET algorithm, isolates brain tissue
from non-brain elements, crucial for focusing the model's
learning on relevant features. Cropping reduces the spatial
volume, focusing on brain regions and reducing
computational demands. Normalization standardizes the
intensity levels across different images, enhancing the
model's ability to learn from diverse data without bias
towards particular intensity distributions. The rationale
behind each step and its impact on the model's performance
will be thoroughly discussed to justify the preprocessing
choices made in this study.

E. Neural Network Approaches Used

This section presents two different approaches to the task
of brain age prediction. The first consists of using a
classification model, removing the classification layers, and
replacing them with the regression task, enabling the model
to work as an estimator of brain age. In the second approach,
a segmentation model pre-trained on brain MRI images was
used, which was later also modified for the regression task.

Before training and adjusting both approaches, to
compare initialization types of convolutional neural networks
(random weights and pre-trained weights in ImageNet), two
ResNet50 architecture models were trained. As it is a
lightweight and high-performance model, ResNet50 was
chosen for this test. The same settings were maintained in
both tests, only changing the weight initialization method.

The theoretical basis of this work concerns the aspects of
deep learning and neural networks, in particular, activation
functions, and functions performed by the individual neurons.
Activation functions in the neural networks and functions
performed by the individual neurons are of extreme
importance, as they impart non-linearity to the network and
assistance it in understanding more intricate patterns in the
data. Each neuron in a network performs a weighted sum of
its inputs, which is then passed through an activation function
to determine the neuron's output. These concepts are
fundamental to understanding how neural networks model
complex functions and will be illustrated with intuitive
examples to aid comprehension for readers with varied
backgrounds in mathematics or computer science.

1) Classification Pre-Trained Models

In the first approach, 2D Convolutional Neural Network
models were used. The preference for using a 2D architecture
over a 3D one is given by the possibility of using pre-trained
weights from ImageNet to initialize the model. To validate
the choice criteria, tests were carried out to compare a model
with random weight initialization and initialization with pre-
trained weights in ImageNet.

This task was done using the transfer learning method.
Pre-trained models on classification tasks were chosen. Each
model used had the classification layer replaced by a dense
layer with just one neuron and linear activation, which
represents the estimated age. Therefore, the models that were
previously classifiers were modified for the regression task.
In the final layers, Global Average Pooling was applied, and
the output is just a dense layer of linear activation, containing
one unit.

2) Hyperparameter Optimization

Most machine learning algorithms require several
configurations to control their behavior in the learning stage.
These settings are called hyperparameters. The values of the
hyperparameters are not adapted by the algorithm itself,
although a procedure can be designed where the algorithm
learns the best hyperparameters [59].

To evaluate the importance of changing hyperparameters
on the model results, tests defining the learning rate and batch
size were carried out. These tests were performed using the
grid search method, using three values for learning rate and
batch size. One hyperparameter at a time was changed at each
iteration, resulting in 9 different combinations (Fig. 12).
Other hyperparameters were evaluated empirically and
arbitrarily, such as: choice of optimizer, early stopping and
other forms of learning rate decay. The proposed model was
not very sensitive to changes in these hyperparameters,
however, the definition of the Adam optimizer [60] learning
rate and batch size were those that generated the most impact.
For this reason, they were chosen for the hyperparameter
adjustment phase.

(a) (b)
Leaming Rate Leaming Rate
A A
0.00001 0.00001
0.0001 0.0001
0.001 0.001
e E—
16 32 64 16 32 64
Batch Size Batch Size

Fig. 12. Adjustment of Hyperparameters in Grid. The highlighted blocks
represent one of 9 different combinations. a) Representation of the learning
rate of 10-3 and batch size of size 16; b) Learning rate of 10-3 and batch
size of size 32

According to [61] training with very small batch sizes
may require a small learning rate to maintain stability due to
the high variation in gradient estimation, in addition to the
total execution time which may be very high due to the need
to perform more steps to observe the entire training set.
Common values chosen for the batch size range from 32 to
256; It is also common to use size 16 for large models [62],
[63].
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Iv. RESULTS

This session presents
development processes.

the results of the model

A. Comparison of Weight Initialization Methods

Fig. 13 shows a ResNet-50 model initialized with
ImageNet weights and initialized with random weights. The
pre-trained model on ImageNet obtained better performance
in the curves of loss of validation and mean absolute error of
validation. Training lasted approximately 90 minutes for 50
epochs. It was observed that 50 epochs are sufficient to
evaluate the model's behavior, as the training curves converge
and do not present better results when the model is trained for
more epochs.

Train Loss
= CNN
~  RESNET

Validation Loss
= CNN
~ RESNET

Validation MAE
= CNN
~ RESNET

Fig. 13. Comparison between a ResNet50 model with pre-weights
initialization trained on ImageNet and a model with random weights
initialization

B. Hyperparameter Tuning

Three types of batch sizes were chosen for this step: 16,
32 and 64. For the learning rate, the values of 10-3, 10—4 and
10-5 were chosen. The performance of each model was
evaluated over 10 epochs. Other tests containing different
hyperparameters were carried out, these being the ones that
had the greatest effect on the model's performance. To
optimize training time, we chose to choose a batch size of 64
and set the learning rate to a value of 10-3. This way, we can
use a model that performs faster due to the batch choice.

The model was initialized with pre-trained weights on
ImageNet. As a cost function, the Mean Square Error (MSE)
was used, allowing the penalty of high errors between brain
age and predicted age (Equation (12)). The optimizer chosen
was Adam (KINGMA; BA, 2014) [64] with an initial
learning rate of 103 and decay with a multiplier factor of 0.1
until the last epoch. The batch size was set to 64 and the
model was trained for a total of 30 epochs. After 30 epochs
the model does not show significant improvement in results.
The training and validation curves represented in Fig. 14
demonstrate that no overfitting occurred during the training
phase, both continue to decay until convergence.

This section refers to the results of the pre-trained model
on segmentation. The proposed model uses the U-Net
architecture as a regressor, eliminating classification layers.

Initially, after defining hyperparameters, training was
carried out to assess whether the model is causing overfitting.
The training and validation loss curves are represented in Fig.
15. Both are decreasing until the last epoch, without showing
signs of overfitting. After checking the model's behavior

regarding overfitting, the validation set was joined with the
training set, creating an 80% split.

Train Loss

Validation Loss

Fig. 14. Training and validation losses - ResNet50

Train Loss

Validation Loss

0

Fig. 15. Training and validation loss —UNet

In Fig. 14 and Fig. 15, we present the training and
validation loss curves for our neural network models. The
graphs showcase the learning process of both a CNN and a
ResNet architecture across training steps, as evidenced by the
descending loss values. The CNN architecture maintains a
steady decrease in training loss, which implies continuous
learning over the training epochs. The ResNet model also
follows a similar trend but with slightly more gradual fall,
which reflects slower learning. The validation error similarly
reveals a substantial fall in both models, where the ResNet
network learning appears to plateau early, which might imply
early convergence or slight tuning to reduce overfitting.

As regards the validation MAE, the ResNet model
performed better than the CNN model but at the rate of error
rate convergence. The lesser the MAE, the better the model’s
age prediction performance as this metric directly quantifies
the prediction error rate. The graphs for U-Net have a
characteristic pattern, with the training loss curve tumbling to
a low in the initial epochs but falling on a more gradual pace.
This suggests a breakneck pace of learning at the starting of
network training that starts to normalize as the model gets to
perfect values of weights. The curve of the validation loss for
the U-Net model shows similar behavior. However, there is
variability in the middle epochs that indicates that the model
may be a slight overfit to training data or sensitive to the
vagaries of the validation set. Either way, the two curves are
on a downward trajectory, suggesting that the model may
generalize well.

The visualizations play a crucial role in capturing the
training dynamics of our models. They are compelling
evidence not only of the efficiency of learning but also of the
robustness of each architecture. The graphs illustrate the
necessity of tracking both training and validation loss during
the learning process so that the architectures ensure
efficacious learning and provide solid predictions on new,
unseen data. The loss curves, along with the MAE trends,
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confirm the credibility of our models as powerful predictive
machines in brain age, thereby making them significant as a
contribution in the field of analysis of medical images.

To address the comprehensive as Table I illustrate
evaluation of our models, Furthermore, we expanded our
analysis to include key performance metrics such as
accuracy, precision, recall, and Fl-score in addition to a
detailed statistical analysis that included ANOVA tests and
confidence intervals to identify the significance of
differences between models. In addition, we were interested
in model generalization, hence we tested our models on an
external dataset which is pertinent to real-world application.
All training procedures were meticulously reported and taken
under consideration data augmentation, regularization
methods, and hyperparameter optimization for maximal
performance, and reproducibility. In addition, loss curves for
both models, ResNet-50 and U-Net were analyzed, and their
results were detailed to uncover the training dynamics and
determine areas which need to be fixed. Finally, to frame our
models’ advancements, we compared them to baseline
models to note their improvement in terms of accuracy and
generalization. In comparing our work with the seminal
studies in [15] and [16] Zhao et al. [18], Zhang et al. [19],
and Cole et al. [20] [21] our research builds upon and extends
the foundational methodologies they established, while
introducing significant enhancements in model accuracy,
generalizability, and clinical applicability. Unlike previous
studies that primarily utilized standard 2D CNN
architectures, our approach integrates advanced deep learning
techniques, including novel pre-training strategies and multi-
branch network architectures, to improve the precision of
brain age predictions.

Our research advances beyond the work [15] who
provided a systematic review of deep learning for brain age
estimation, by implementing these techniques in a practical,
clinical setting using a public dataset, thereby addressing the
common limitation of restricted dataset accessibility noted in
prior research. Similarly, while in [16] demonstrated the
efficacy of 2D CNNs on routine clinical MRI exams, our
models further enhance diagnostic capabilities by employing
refined architectures that optimize computational efficiency
and model scalability.

Additionally, our models capitalize on the innovation
introduced by Zhao et al. [18] and Zhang et al. [10] in
employing set networks and multi-branch structures. We
extend their methodologies by integrating these architectural
enhancements into a unified framework that supports more
robust feature extraction across various levels of the brain
hierarchy, leading to improved accuracy and reliability in age
prediction across diverse patient demographics.

Finally, our approach covers the limitations of the
previous work by Cole et al. who first introduced the
application of 2D CNNs in brain age prediction. Specifically,
both previous works by Cole et al. provided a foundation for
our research; nonetheless, in this work, we demonstrated how
advances in pre-training models and utilization of a
multimodal fusion permit our models to achieve substantially
higher performance on both the structural and functional MRI
scans.

ISSN: 2715-5072 989
TABLE I. COMPARISON OF METHODOLOGIES FOR BRAIN AGE
ESTIMATION

Dataset Key
Ref. Methodology Used Achievements/Limitations
Systematic Reviewed methodologies
[15] review of Various without practical
deep learning implementation
Routine Demonstrated efficacy but
[16] 2D CNNs clinical limited to standard 2D
MRI architectures
Publicl Introduced set networks,
[18] Set networks 1Y limited feature extraction
available Y
capabilities
Multi-branch Cl;?lhcal Improved feature extraction
[19] network public but lacked comprehensive
architectures datasets pre-training
2D CNNs Restricted | Focused on specific clinical
[20] with standard private applications, scalability
pre-training datasets issues
Advanced 2D ResFrlcted Enhan_ce_q dlagn(_)stlc
[2] private capabilities, limited
CNNs SO
datasets generalizability
Multi-branch Enhanced .
This | networks with Public lanced accuracy,
generalizability, and clinical
Work novel pre- dataset A
A applicability
training

In short, our work does not only replicate the results of
the foundational study but extends the capabilities of 2D
CNNs wused for brain age prediction. Through the
modifications of model architecture, variations of coaching
schemas, and validation methods, our study suggests
significant performance enhancement, additional decrease of
potentials biases, and adaptation of the new standard in the
clinal Al application for neuroimaging.

V. CONCLUSION

We conclude our study by mentioning several limitations
of the models proposed. Although the two approaches we
demonstrated have demonstrated good potential in the case of
forecasting brain age, it remains unclear how these models
will perform when faced with quality disparities in datasets,
disparities in imaging protocols specifications, and
differences in the characteristics of patients examined. The
subsequent work will focus on the pilot assessment of
models’ performance on the basis of a wider cluster of
datasets to test how well the models will perform in an out-
of-sample context. Being part of the evaluation will be
rigorous comparisons with present best-known methods,
which will assess how much the models will advance over the
current techniques.

Furthermore, major potential clinical applications of our
age estimator in particular related to preclinical manifestation
in cognitive decline, it is vital to bring up the challenges of
having the models implemented in practice. Once again, this
topic is inclusive and encompasses the aspects of
interpretability, scalability as well as how these models align
with other ways of diagnosis used currently. As we continue
advancing, considering these factors will help scale them not
only as perfect tools but as practicalities useful in medicine.

In addition, ethical and privacy limitations are highly
important when it comes to the employment of Al-based
instruments in the clinical field. Privacy violation, data
leakage, partiality in the processing of algorithmic decision,
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are among the limitations relevant to the privacy of the
patient, and other privacy issues relevant to maintaining trust
in the patient and promoting the patient’s common right Via
these dimensions, our forthcoming research shall be guided,
and measured explicitly; our AI contribution must be
ethically and responsibly overseen with the best patient care
practice.

Finally, the bias correction methodology described in our
investigation requires additional explanation. Although
preliminary data indicates little effect on the models’
outcomes, more extrapolation is needed to understand the
true benefits of the methodology. It is necessary for use to
understand if bias correction mechanisms meaningfully
improve the accuracy and objectivity of our models, hence
further confirming the integrity of the scientific background
and validity of our findings.
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