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Abstract

The assessment of brain age has specific applications like finding whether the aging pattern looks like healthy
brain or it is affected by some element. Since brain is very important organ that controls human functionality,
it is useful to know its aging patterns. The development of artificial intelligence, such as deep learning, has
made it feasible to analyze brain MRI pictures and identify problems in the brain. There are many existing
research endeavours to estimate brain age of individuals. The deep learning model like convolutional neural
network is widely used in medical image processing. However, from the literature, it was observed that there is
need for architecture resilience for improving age estimation process. Towards this end we proposed a deep
learning framework that helps in automatic estimation of brain age. We also proposed a novel deep learning
model and named it as Brain Age Estimation Network (BAENet). This model is based on CNN. The proposed
model Has increased learning capabilities in solving the problem of brain age estimation. The model has more
number of layers for progressively learning the brain modality for leveraging performance. The Learning based
Brain Age Estimation (LbBAE) algorithm is what we suggested. A benchmark data set known as UK Biobank
is used for our empirical study. The outcomes of the experiment showed that the suggested model outperformed
ResNet50 with least Mean Absolute Error (MAE) 2.14 and highest test accuracy 99.50%.

Keywords — Brain Age Estimation, Artificial Intelligence, Deep Learning, Brain MRI Imagery, ResNet50,
BAENet

1. INTRODUCTION

A surge in instances of various non-fatal but incapacitating ailments, including neurodegenerative disorders like
dementia and cognitive decline, has been seen globally with the increase in population [1]. Finding the
connection between the mechanisms behind neurodegenerative diseases and brain aging processes is becoming
increasingly important in order to address this problem. Techniques for determining which individuals are more
vulnerable to age-related deterioration, tracking the rate of degradation, and formulating suitable treatment
regimens for affected subjects must be developed. The etiology of brain illnesses is significantly influenced by
age-related brain changes. The distinctions between age measured in years and age measured in the brain might
indicate multiple health concerns associated with distinct life phases. In this regard, throughout the past few
decades, there has been an undeniable boom in the development models for human health that are data-driven.
In fact, machine learning has shown promise in a variety of modelling tasks pertaining to brain age, mostly
employing brain magnetic resonance imaging (MRI) images. All of these tasks are subsumed under the general
notion of brain age estimate, which uses machine learning models in conjunction with brain imaging data to
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predict homogenous distinct pathways in healthy brains [2]. A group of cognitively sound people for training
and guided instruction—that is, a regression algorithm—are used to model the association between the patient's
actual age and the extracted brain characteristics, or independent variables, in a brain age estimate framework.
Patients' brain ages are hidden from the training model is then inferred by using this prediction model on
independent test data. The brain's condition has been related to the divergence (positive or negative) from these
usual trajectories, termed as the brain age delta, the computed brain ageless the true age, or [2]. Positive brain
age delta is linked to both abnormalities in the brain and death [3] [4], but negative brain age delta is linked to
a younger brain, according to a number of studies. With the use of the brain age measure, a number of
neurological and psychiatric conditions have been successfully detected [5]. Apart from its application in
diagnosing neurological and mental disorders, the brain age measure has been investigated in studies
investigating the impact of resilience, depressive symptoms, and life satisfaction on cognitively sound brains

[6].

From the review of literature, it was observed that many existing models are either CNN or CNN based
approaches. However, there is need for improving CNN architecture towards leveraging performance in brain
age estimation. Accordingly, we enhanced CNN model for brain age estimation. The following are our
contributions to this publication. We suggested a deep learning framework that helps in automatic estimation of
brain age. We also proposed a novel deep learning model and named it as Brain Age Estimation Network
(BAENet). This model is based on CNN. The proposed model has increased learning capabilities in solving the
problem of brain age estimation. The model has more number of layers for progressively learning the brain
modality for leveraging performance. Our suggested algorithm is called

Learning based Brain Age Estimation (LbBAE). A prototype application is built for evaluation of the proposed

CNN variant under the framework for estimation of brain age using brain MRI images. The remainder of the
work is structured in this manner. Recent research on many approaches for estimating brain age is covered in
Section 2. Section 3 provides complete details of the proposed methodology, underlying model and algorithm
besides evaluation methodology. Section 4 presents results of our empirical study with the quantitative analysis.
Section 5 provides discussion on the importance of the proposed methodology besides giving limitations of the
study. Section 6 concludes our work and provides scope of the research for future endeavours.

2. RELATED WORK

This section reviews recent literature on brain age estimation using deep learning approaches. Dinsdale et al.
[7] used brain age prediction using convolutional neural networks (CNNs) on UK Biobank data; prediction
errors are correlated with clinical measures, indicating clinical significance. Peng et al. [8] used MRI data, the
Simple Fully Convolutional Network (SFCN) offers a low-weight design for precise brain age prediction. Smith
et al. [9] understand aging trends and illness connections is aided by analysing "brain age" derived from brain
imaging data. This paper discusses problems with delta calculation and offers solutions. Beheshti et al. [10]
suggested a bias-adjustment strategy that has been tested across test sets to improve brain age estimation
accuracy in clinical contexts. Dular et al. [11] presented BASE, a framework that makes use of standardized
datasets and criteria to assess brain age prediction algorithms.

Ganaie et al. [12] improved Twin Support Vector Regression (ITSVR), a brain age estimate method that
outperforms baseline models by avoiding matrix inversions and using structural risk mitigation. Pilli et al. [13]
suggested a framework for brain age estimate and classification that achieves excellent accuracy by utilizing
3D-CNN, KRR-RVFL network, and sMRI images. Constantinides et al. [14] studied on neuroimaging indicate
a correlation between advanced brain age and schizophrenia. An analysis based on hereditary risk for
schizophrenia revealed no differences in brain age. Tanveer et al. [15] improved the brain age prediction is aided
by machine learning techniques. Review focuses on future directions, frameworks, and deep learning
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techniques. More et al. [16] observed that a thorough evaluation of many methods for predicting brain age
showed that feature representation and machine learning algorithms had a considerable influence on reliability
metrics and datasets.

Zhang et al. [17] found that systematic bias in anticipated age differences remains despite recent attempts,
indicating untrustworthy phenotypes that need more research. Cali et al. [18] for privacy purposes, 'defacing,’
or removing faces from MRI images, is routine. Brain age estimation accuracy is impacted by defacing; care is
advised. [19] emphasized geometric deep learning (GDL) in medical imaging as it may be used with a variety
of non-Euclidean data types. The special issue showcases the uses of GDL technology. Aamodt et al. [20] found
a correlation between post-stroke cognitive decline and the brain age gap (BAG). A decreased BAG is
eventually associated with a decreased risk of non-communicable diseases following a stroke. Zhao et al. [21]
observed that in medical image analysis, deep learning—most notably CNNs—dominates and extends to non-
Euclidean regions like cortical surfaces. Customized techniques improve analysis based on cortical surfaces.
Wood et al. [22] stated that for clinical applications, CNNs employ structural MRI images to estimate age and
identify changes from normal aging in real time. Zhang et al. [23] by integrated several machine learning
methods, an age-adaptive ensemble model can precisely forecast brain age, which facilitates the formulation of
treatment plans and diagnostics. Hofmann et al. [25] explored brain aging trends that are detected by combining
deep learning models with Layer-wise Relevance Propagation across different MRI modalities. Leonardsen et
al. [26] estimated brain age disparities by compiling large datasets, which helps with clinical prediction and
reveals connections with health issues with the help of CNNs.

Engemann et al. [27] studied brain age with EEG/MEG offering more application, machine learning on brain
pictures helps improve illness characterisation and measure individual aging. Gangopadhyay et al. [28]
suggested MTSE U-Net achieves great accuracy in fetal brain segmentation, type prediction, and gestational
age estimate. Milosevic et al. [29] used panoramic dental x-rays, deep learning automates forensic age estimate
with minimal error rates for adult individuals. Taylor et al. [30] focused on a longitudinal research that examines
the brain age gap (BAG) trajectory in the development of Alzheimer's disease has found that APOE 4 and sex
attenuate the rapid aging seen in those with MCI. Armanious et al. [31] used deep learning for chronological
age (CA) estimate and iterative data cleaning, a framework for organ-specific biological age (BA) calculation,
centred on brain MR, is presented.

Jahanshiri et al. [32] applied ensemble CNNs using MRI data, The assessment of brain age, which is crucial for
the early diagnosis of neurodegenerative diseases, reaches 3.57 MAE. With a two-stage cascade network,
ranking losses, and dense connections, Cheng et al.'s [33] ground-breaking 3D CNN, TSAN, surpasses current
techniques in precisely determining brain age from MRI data. In an investigation into the use of machine
learning to knee MRI data, Mauer et al. [34] developed a novel automated age estimation method that yielded
accurate findings with potential applications in forensic medicine. The study conducted by Beheshti et al. [35]
examined the impact of regression algorithms on the precision of predictions made in brain age estimation
models, utilizing data from both healthy and clinical populations. Pardakhti and Sajedi [36] observed that fields
of computer science and medicine have become more interested in Brain Age Estimation (BAE). Regression is
accurate when using a 3D-CNN model. From the review of literature, it was observed that many existing models
are either CNN or CNN based approaches. However, there is need for improving CNN architecture towards
leveraging performance in brain age estimation.

3. PROPOSED FRAMEWORK

The suggested methods for estimating brain age is presented in this section. Brain MRI scans are utilized to
estimate brain age using a supervised learning approach. It throws light on different aspects of the proposed
methodology in the following sub sections.

3.1 Problem Definition
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Provided the brain image of a patient developing a deep learning framework to calculate brain age automatically
is the challenging problem considered.

3.2 Proposal Framework

As presented in suggested deep learning framework is based on figure 1 on supervised learning which has
provision for data preprocessing, training, brain age estimation and validation. Our framework takes UK
Biobank data set as input. The data set is subjected to pre-processing where exploratory data analysis is made
to understand the data dynamics and perform required operations on data like resizing and data augmentation.
Training, test, and validation sets of the data have been suitably divided.
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Figure 1: Overview of the proposed deep learning framework
In the process of training the proposed deep learning model known as BAENet which is a variant of CNN is
used. Once the model is trained with the training set it gains required knowledge for estimation of brain age
using medical image modality known as MRI. The learned model is saved for future reuse. The persistence of
model is very useful retraining the model in future using transfer learning. In the process of testing the saved
model is loaded in order to perform brain age estimation for every given test sample. Once the brain age
estimation process is completed for every test sample the model performance is evaluated by comparing the
anticipated numbers and the actual data.

3.3 Proposed Deep Learning Model

We suggested a CNN-based deep learning model. Figure 2 displays the suggested model's architecture. We refer
to our model as BAENet. Using 3D T1 images, we use the BAENet architecture to estimate brain age. The
design is based on the VGGNet model [46], and it makes use of a completely convolutional structure [42]. We
do, however, reduce the total number of layers. Reducing parameter space to around 3 million reduces
computational complexity and memory use.
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Figure 2: Architecture of the proposed BAENet model for brain age estimation

Convolutional, max pooling, batch normalization, and ReLU layers are included in each of the first five blocks
[39, 41]. The input picture is processed block by block after the fifth block, after which a feature map is made
and the spatial dimension is reduced to 5x6x5. Convolutional, ReLU activation, and batch normalization layers
make up the block at sixth position. Seventh block: dropout layer used for training with 50% random dropout
rate, fully connected layer, average pooling layer, and softmax output layer [48]. For each convolution layer, a
different number of channels are employed. 40 values in the output layer indicate the expected probability that
the individual's age is between 42 and 82, or between one and two years old. The weighted average of each age
bin is utilized to obtain the final forecast.

asin Eq].
pred = )*x -age (1
C C C

where x represents the expected probability for the cthage bin, and age. denotes the age interval's bin center.
Three steps may be used to interpret the model's internal process: 1) Each input image's feature maps are
extracted by the first five blocks. 2) The model gains an additional nonlinear layer with the inclusion of the sixth
block increasing its nonlinearity even further without affecting the feature map output size. 3) The produced
characteristics are mapped to the anticipated age probability distribution in the seventh block. The input picture
is encoded into a feature vector in the first two stages, and the third stage makes use of a classifier. During the
first phase, the majority of memory is used to preserve spatial information. We placed only one convolutional
layer in each block and restricted the first layer's channel count to 32 in order to lower the total GPU memory
usage. In contrast, a VGGnet typically consists of two convolutional layers within a block, with the first layer
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having 64 channels [46]. Fully connected (FC) layers are often the ones with the most learnable parameters in
later stages in deep learning models. For example, there are around 16 million parameters in the penultimate
layer of VGGnet. Reducing FC layers and ensuring less channels in the last two stages, BAENet's learnable
parameter count is drastically reduced. While FC layer reduction may cause the model to learn fewer
nonlinearities, in different classification approaches pertaining to neuroimaging, the number of classes is higher
than in natural images. For example, there are only 40 classes for brain age prediction out of thousand classes
linked to the task. In this case, the lack of FC layers and the restricted amount of parameters have no detrimental
effect on testing time. We constructed a 3D version of ResNet in order to compare our BAENet with a widely
used CNN architecture. 3D-ResNet's design is based on the literature, however its convolution filters are 3D
instead of 2D. Both the ResNet and the BAENet use the identical training settings for the experiments and
perform well in the training set.

3.4 Bias Correction

Bias correction approach illustrated in [47] is used for the delta bias correction. This type of bias correction is
useful for different brain age investigations, since the prediction is usually underfit owing to issues like age
distribution in non-Gaussian model and regression dilution. We fitted the desired validation set to a linear
regression with the formula x=ay+. where yielding is the anticipated age and yielding is the chronological age.
The updated anticipated age is calculated using Eq. 2.

t=x-b)/a (2)

Using this procedure, one has to know the chronological ages at that same moment in order to determine a and
b from x and y. The validation set towards corrected age delta of brain for the test samples uses previously fitted
coefficients, supposing that a and b are generalizable.

3.5 Dataset Details

Brain imaging data from a large cohort of mostly healthy adults is being gathered by UK Biobank [43]. Utilizing
T1 data from 14,503 individuals, we were able to conduct training on 12,949, validation on 518, and testing on
1,036. [37] provides a description of the picture preparation procedure. We used data that had previously been
pre-processed on behalf of UK Biobank and that was made accessible to all researchers with access rights toKB
ta. Brain extraction, bias correction, and linear registration to MNI152 standard space (unless otherwise noted)
were performed on the input data before it was fed into the deep neural network model. Subjects' heads are
standardized as a consequence of linear registration.

3.6 Training and Testing

For each training subject, we apply SGD optimiser [49] for the UKB dataset in order to minimize a loss function
such as Kullback-Leibler divergence. The model is driven to estimate age as accurately as possible by its loss
in soft categorization. Two techniques for data augmentation are used in the training phase to lessen over-fitting.
Either randomly shifted inputs or inputs mirrored along the sagittal plane with a 50% probability are employed
throughout each session. One may assess the model's performance in the test and validation sets using the Mean
Absolute Error (MAE) [50]. Two NVIDIA P100 GPUs were used for the training of every model. To complete
one training period, or training through 12,949 training subjects, the training duration was around 0.5 hours.
0.001 was the L2 weight decay coefficient. There were eight in the batch. Unless otherwise indicated, the SGD
optimiser's learning rate was doubled by 0.3 every 30 epochs after being initially set at 0.01. There are 12,949
training topics in all, and there are 130 epochs. The appropriate adjustment of the epoch number ensures that
the training steps are roughly the same for trials on less training data. The testing method uses the epoch that
produces the best MAE. The same hyperparameters are used to train the deep learning models as we found that
the models perform consistently. Within the ensemble technique, twenty models were randomly initialized and
trained; five models with the same network topology Nonetheless, Randomly initialized parameters were learnt
for each type of data: WM and GM, which are linearly registered; T1, which is non-linearly registered; and T1,
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which is linearly registered. To cut down on the total calculation time, 2,590 participants are trained in the
ensemble trials. Averaging the outcomes of all 20 models is used to make the forecast.

3.8 Evaluation Methodology
Since we used learning based approach (supervised learning), metrics derived from confusion matrix, shown in
Figure 3, are used for evaluation our methodology.

Classified as

Positive Negative
True Positive False Negative Positive
False Positive True Negative Negative

Figure 3: Confusion matrix
Based on confusion matrix, the predicted labels of our method are compared with ground truth to arrive at
performance statistics. Eq. 1 to Eq. 4 express different metrics used in the performance evaluation.

Accuracy=__TP+TN
y TP+TN+FP+FN )

The measures used for performance evaluation result in a value that lies between 0 and 1. These metrics are

widely used in machine learning research.
MAE=1)N |Pred —age |
N i=1 i i
Mean Absolute Error (MAE) is another metric used for performance evaluation as expressed in Eq. 4.

4. EXPERIMENTAL RESULTS

The results of our studies are shown in this section with respect to brain age estimation. The proposed framework
and the underlying deep learning model BAENet are evaluated using UK biobank dataset which is widely used
benchmark dataset. Experiments are made with data set and the observations are made in terms of accuracy and
Mean Absolute Error (MAE). Figure 4 shows an excerpt from UK biobank dataset.

0 0 0 0 0 0 0 0

50 ' 50 50 50 50 . 50 m 50

100 ' 00 00 00 00 00 00 !! 00
0 50 100 0 0 % 100 0 % 100 0 50 100 0 5% 200

Figure 4: An excerpt from UK biobank dataset

In the experiments, the given test data is nothing but brain MRI different people. The notion of the label is
used in the experiments. The soft label, distribution probability, and ground-truth are used to compute the KL-
divergence loss. This allows the loss function to smoothly decline as the prediction gets better over the
training period. Figure 5 shows the soft label and the prediction of the suggested brain age estimate model.
The results are observed with GPU based brain age estimation.

0100 0 50 100

| Soft Label | Prediction |
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Figure 5: Shows soft label and the prediction of brain age besides loss value with GPU based experiments
Using the CPU version, the brain age is also estimated. Figure 6 displays the findings of brain age estimate

using a CPU.
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Figure 6: Shows soft label and the prediction of brain age besides loss value with CPU based experiments

The proposed deep learning model is used with two optimizers known as Adam and SGD. The model's
performance is contrasted with that of the ResNet50 model using the identical optimizers. The results of deep
learning models are presented in Table 1 in terms of MAE.

S MAE MAE .. . MAE gap

Age  Estimation | i) | (Validation) | MAE (Training) in | 0oyi 4. tion-training) in
Model years

In years In years years
BAENet (ADAM) | 2.14 1.98 1.29 0.69
BAENet (SGD) | 2.32 2.18 1.36 0.83
ResNet50 (ADAM) | 2.39 2.6 1.61 0.993
ResNet50 (SGD) | 2.41 2.43 1.85 0.58
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Table 1: Performance of the deep learning models in terms of mean absolute error

The proposed learning model and ResNet50 are compared for their performance in brain age estimation. The
mean absolute terror is provided in terms of difference in years. Figure 7 shows the performance of proposed
model and also ResNet50 model with both Adam optimizer and SGD optimizer.

PERFORMANCE OF BRAIN AGE ESTIMATION
MODELS

B BAENet (ADAM) M BAENet (SGD) ResNet50 (ADAM) M ResNet50 (SGD)

TEST MAE (YEARS) VALIDATION MAE TRAIN MAE (YEARS)
(YEARS)

PERFORMANCE (%)

VAL-TRAIN MAE GAP
(YEARS)

MODELS

Figure 7: Performance comparison between the proposed model and ResNet50 model

How well the two deep learning models do in determining the age of a certain brain MRI sample is assessed.
The difference in age between the ground truth and the forecasts is used to compare performance in terms of
mean absolute error. BAENet model with Adam optimizer showed 2.14 as test MAE, 1.98 validation MAE and
1.29 train MAE. BAENet model with SGD optimizer showed 2.32 as test MAE, 2.18 validation MAE and 1.36
train MAE. ResNet50 model with Adam optimizer showed 2.139 as test MAE, 2.6 validation MAE and 1.61
train MAE. ResNet50 model with SGD optimizer showed 2.41 as test MAE, 2.43 validation MAE and 1.85
train MAE. From the results it was observed that with both Adam and SGD optimizers the proposed deep
learning model BAENet performed better than ResNet50 model in terms of MAE. Table 2 shows performance
accuracy-wise of deep learning models.

Test Accuracy (%) | Validation Accuracy (%) | Training Accuracy (%)
# Training Subjects | BAENet | ResNetS50 | BAENet ResNet50 BAENet | ResNet50
250 0.907 0.862 0.918 0.869 0.926 0.951
1500 0.977 0.951 0.985 0.951 0.997 1
4500 0.989 0.977 0.993 0.982 1 1
9841 0.995 0.984 0.997 0.996 1 1

Table 2: Performance of deep learning models in brain age estimation

59



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104
2024; Vol 13: Issue 3 Open Access

Two deep learning models' accuracy is assessed in relation to varying numbers of training subjects. Stated
differently, experiments are conducted using a larger number of training samples to better understand how the
models perform as they approach convergence. The test accuracy, validation accuracy, and training accuracy of
deep learning models are displayed in Figure 8.

Test Accuracy Validation Accuracy

1.05 1.05
g 1 = 1
S 0.95 © 595
(8] S .
é.t: 0.9 3
= 0.85 c 09
2 08 5 085 I

0.75 3 08

1500 4500 9841 E, 1500 4500 9841
No of Training Subjects No of Training Subjects
B BAENet m ResNet50 B BAENet = ResNet50
(a) (b)
Train Accuracy

1.02 0.997 1
> 1
© 0.98
3 0.96 0.951
< 0.94 0.926
c
@ 0.92
~ 0.9

0.88

250 1500 4500 9841

No of Training Subjects
m BAENet m ResNet50

(c)
Figure 8: Performance of deep learning models in terms of test accuracy, validation accuracy and training
accuracy

As soon as the quantity of training subjects is 250, the test accuracy of BAENet is 90.70% and the ResNet50 is
86.20%; the validation accuracy of BAENet is 91.80% and ResNet50 is 86.90%; the training accuracy of
BAENet 92.60% and ResNet50 is 95.10%. When the quantity of trainees is 1500, the test accuracy of BAENet
is 97.70% and the ResNet50 is 95.10%; the validation accuracy of BAENet is 98.50% and ResNet50 is 95.10%;
the training accuracy of BAENet 99.70% and ResNet50 is 100%. When the quantity of trainees is 4500 the test
accuracy of BAENet is 98.90% and the ResNet50 is 97.70%; the validation accuracy of BAENet is 99.30% and
ResNet50 is 98.20%; the training accuracy of BAENet 100% and ResNet50 is 100%. As soon as the quantity
of training participants reaches 9841 the test accuracy of BAENet is 99.50% and the ResNet50 is 98.40%; the
validation accuracy of BAENet is 99.70% and ResNet50 is 99.60%; the training accuracy of BAENet 100%
and ResNet50 is 100%.
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S. DISCUSSION

Brain age estimation is an important research to know the patterns and understand whether a person has correct
aging pattern or not. In this research, from the literature review, we understood that most CNN is the deep
learning model that is used to analyze medical picture data. Another important observation is that the CNN
model has capability to extract rich features from given medical image. Provided brain MRI as modality for this
research CNN model is capable of learning features from brain MRI images. This is the rationale behind using
CNN based models in our research. In fact, we proposed a novel architecture based on CNN. Our model is
known as BAENet. The proposed deep learning architecture is evaluated with the benchmark dataset known as
UK biomark dataset which is widely used in the brain related research. Utilizing both Adam and SGD
optimizers, the suggested deep learning model is assessed. Another deep learning model known as ResNet50 is
used for comparing the experimental results. From our iempirical study we understood that with supervised
learning, one may estimate the age of the brain.The deep learning model that is being suggested is ssessed using
accuracy and mean absolute error as metrics. The BAENet proposed in this paper can be used as part of clinical
decision support system used by healthcare units.

5.1 Limitations

The proposed methodology followed in this paper has certain limitations. We made experiments with only one
medical image modality MRI. Experiments are not made with other modalities like CT scan. Another important
shortcoming of the paper is that proposed model is based on CNN and it needs to be investigated further in order
to evaluate with real time samples collected from healthcare units. The proposed deep learning model is
evaluated with only one dataset known as UK biomark data set. There may be threats to validity of the findings
in the empirical study unless the model is evaluated with different medical imaging modalities and different
benchmarking data sets.

6. CONCLUSION AND FUTURE WORK

We proposed a deep learning framework that helps in automatic estimation of brain age. Our framework takes
UK Biobank data set as input. The data set is subjected to pre-processing where exploratory data analysis is
made to understand the data dynamics and perform required operations on data like resizing and data
augmentation. In the process of training the proposed deep learning model known as BAENet which is a variant
of CNN is used. Once the model is trained with the training set it gains required knowledge for estimation of
brain age using medical image modality known as MRI. In the process of testing the saved model is loaded in
order to perform brain age estimation for every given test sample. Once the brain age estimation process is
completed for every test sample the model performance is evaluated by comparing the ground truth and the
predicted values. We also proposed a novel deep learning model and named it as Brain Age Estimation Network
(BAENet). This model is based on CNN. The proposed model Has increased learning capabilities in solving the
problem of brain age estimation. The model has more number of layers for progressively learning the brain
modality for leveraging performance. We introduced the Learning based Brain Age Estimation (LbBAE)
technique. Our empirical investigation uses the UK Biobank benchmark data set. The suggested model
surpassed ResNet50 with the maximum test accuracy of 99.50% and the lowest MAE of 2.14, according to the
experimental findings. In order to increase the accuracy of brain age estimation, we want to investigate various
pre-trained deep learning models using transfer learning-based improvements in the future.

References
1. K. Kishore Raju, Ch.S.V.V.S.N. Murty, Suresh Kumar Kanaparthi, Amdewar Godavari, Kayam
Saikumar, "Multi-Dimensional Machine Intelligence Technique on High Computational Data for
Bigdata Analytics," SSRG International Journal of Electrical and Electronics Engineering, vol. 11, no. 6,
pp- 91-100, 2024. Crossref, https://doi.org/10.14445/23488379/1JEEE-V1116P110

61



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

2. Kumar, N. K., Sarada, C., Mallika, S. S., Subhashini, P., & Zearah, S. A. (2024, April). Human Blood
Cell (Haematologicalimages) Recognition by Applying Deep Convolution Methods. In 2024 IEEE 9th
International Conference for Convergence in Technology (I2CT) (pp. 1-6). IEEE.

3. Preethi, T., Choudalla, S. R., Govathoti, S., Rajasri, K., Mohsen, K. S., & Prakash, D. B. (2024, April).
The Future of Multimedia: Micro Facial Recognition in Advanced Systems. In 2024 IEEE 9th
International Conference for Convergence in Technology (I2CT) (pp. 1-6). IEEE.

4. Saikumar, K., & Rajesh, V. (2024). A machine intelligence technique for predicting cardiovascular
disease (CVD) using Radiology Dataset. International Journal of System Assurance Engineering and
Management, 15(1), 135-151.

5. S. Mishra, 1. Beheshti, and P. Khanna, A review of neuroimaging-driven brain age estimation for identi
cation of brain disorders and health conditions, IEEE Reviews in Biomedical Engineering, 2021.

6. D. Sone, 1. Beheshti, S. Shinagawa, H. Niimura, N. Kobayashi, H. Kida, R. Shikimoto, Y. Noda, S.
Nakajima, and S. Bun, Neuroimaging-derived brain age is associated with life satisfaction in cog nitively
unimpaired elderly: A community-based study, Translational Psychiatry, vol. 12, no. 1, pp. 16, 2022.

7. Dinsdale, Nicola K.; Bluemke, Emma; Smith, Stephen M.; Arya, Zobair; Vidaurre, Diego; Jenkinson,
Mark and Namburete, Ana I.LL. (2020). Learning Patterns of the Ageing Brain in MRI using Deep
Convolutional Networks. Neurolmage, 117401—. http://doi:10.1016/j.neuroimage.2020.117401

8. Peng, Han; Gong, Weikang; Beckmann, Christian F.; Vedaldi, Andrea and Smith, Stephen M. (2020).
Accurate brain age prediction with lightweight deep neural networks. Medical Image Analysis, 101871—

a. http://doi:10.1016/;.medi1a.2020.101871

9. Smith, Stephen M.; Vidaurre, Diego; Alfaro-Almagro, Fidel; Nichols, Thomas E. and Miller, Karla L.
(2019). Estimation of brain age delta from brain imaging. Neurolmage, S1053811919305026—.
http://doi:10.1016/j.neuroimage.2019.06.017

10. Beheshti, Iman; Nugent, Scott; Potvin, Olivier and Duchesne, Simon (2019). Bias-adjustment in
neuroimaging-based brain age frameworks: A robust scheme. Neurolmage: Clinical, 24, 102063—.
http://doi:10.1016/j.nicl.2019.102063

11.Lara Dular and Ziga Spiclin. (2024). BASE: Brain Age Standardized Evaluation. Elsevier. 285, pp.1-15.
https://doi.org/10.1016/j.neuroimage.2023.120469

12. M. A. Ganaie, M. Tanveer and Iman Beheshti. (2024). Brain age prediction using improved twin
SVR. Springer. 36, pp.1-18.

13. Raveendra Pilli, Tripti Goel, R Murugan, M Tanveer and P. N. Suganthan. (2024). Kernel Ridge
Regression-based Randomized Network for Brain Age Classification and Estimation. /EEE., pp.1-10.
http://DOI:10.1109/TCDS.2024.3349593

14.Constantinos Constantinides, Vilte Baltramonaityte, Doretta Caramaschi, Laura K.M. Han, Thomas M.
62



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

Lancaster, Stanley Zammit, Tom P. Freeman and Esther Walton. (2024). Assessing the association
between global structural brain age and polygenic risk for schizophrenia in early adulthood: A recall-by-
genotype study. Elsevier. 172, pp.1-13. https://doi.org/10.1016/].cortex.2023.11.015

15. M. Tanveer, M. A. Ganaie, Iman Beheshti, Tripti Goel, Nehal Ahmad, Kuan-Ting Lai, Kaizhu Huang,
Yu-Dong Zhang, Javier Del Ser and Chin-Teng Lin. (2022). Deep learning for brain age estimation: A
systematic review. Elsevier. 96, pp.130-143. https://doi.org/10.1016/].inffus.2023.03.007

16. Shammi More, Georgios Antonopoulos, Felix Hoffstaedter, Julian Caspers, Simon B. Eickhoff and
Kaustubh R. Patil. (2023). Brain-age prediction: A systematic comparison of machine learning
workflows. Elsevier. 270, pp.1-17. https://doi.org/10.1016/j.neuroimage.2023.119947

17.Biao Zhang, Shuqin Zhang, Jianfeng Feng and Shihua Zhang. (2023). Age-level bias correction in brain
age prediction. Elsevier. 37, pp.1-9. https://doi.org/10.1016/j.nicl.2023.103319

18. Ryan J. Cali, Ravi R. Bhatt, Sophia I. Thomopoulos, Shruti Gadewar, Iyad Ba Gari, Tamoghna
Chattopadhyay, Neda Jahanshad and Paul M. Thompson. (2023). The Influence of Brain MRI Defacing
Algorithms on Brain-Age Predictions via 3D Convolutional Neural Networks. /EEE., pp.1-6.

a. http://DOI:10.1109/EMBC40787.2023.10340740

19. Huazhu Fu, Yitian Zhao, Pew-Thian Yap, Carola-Bibiane Schonlieb and Alejandro F. Frangi. (2023).
Guest Editorial Special Issue on Geometric Deep Learning in Medical Imaging. IEEE. 42(2), pp.332 -
335. http://DOI:10.1109/TM1.2022.3231755

20. Eva B. Aamodt, Dag Alnas, Ann-Marie G. de Lange, Stina Aam, Till Schellhorn, Ingvild Saltvedt, Mona

a. K. Beyer and Lars T. Westlye. (2023). Longitudinal brain age prediction and cognitive function
after stroke. Elsevier. 122, pp.55-64. https://doi.org/10.1016/j.neurobiolaging.2022.10.007

21. Fenqgiang Zhao, Zhengwang Wu and Gang Li. (2023). Deep learning in cortical surface-based
neuroimage analysis: a systematic review. Elsevier. 3(1), pp.46-58.
https://doi.org/10.1016/j.imed.2022.06.002

22.David A. Wood, Sina Kafiabadi, Ayisha Al Busaidi, Emily Guilhem, Antanas Montvila, Jeremy Lynch,
Matthew Townend, Siddharth Agarwal, Asif Mazumder, Gareth J. Barker, Sebastien Ourselin, James H.
Cole and Thomas C. Booth. (2022). Accurate brain-age models for routine clinical MRI
examinations. Elsevier. 249, pp.1-13. https://doi.org/10.1016/j.neuroimage.2022.118871

23.Zhaonian Zhang, Richard Jiang, Ce Zhang, Bryan Williams, Ziping Jiang, Chang-Tsun Li, Paul Chazot,
Nicola Pavese, Ahmed Bouridane and Azeddine Beghdadi. (2022). Robust Brain Age Estimation Based
on sMRI via Nonlinear Age-Adaptive Ensemble Learning. [EEE. 30, pp.2146 - 2156.
http://DOI:10.1109/TNSRE.2022.3190467

24, Nasu Mbimi Wormi, Badamasi Imam Ya'u, Souley Boukari, Maryam Abdullahi Musa, Fatima Shittu
and Mustapha Abdulrahman Lawal . (2022). Deeper Architecture for Brain Age Prediction Based on
MRI  Images Using  Transfer Learning  Technique.  Elsevier. 212,  pp.441-453.

63



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

https://doi.org/10.1016/j.procs.2022.11.028

25. Simon M. Hofmann, Frauke Beyer, Sebastian Lapuschkin, Ole Goltermann, Markus Loeffler, Klaus-
Robert Miiller, Amo Villringer, Wojciech Samek and A. Veronica Witte. (2022). Towards the
interpretability ofdeep learning models for multi-modal neuroimaging: Finding structural changes of
the ageing brain. Elsevier. 261, pp.1-16. https://doi.org/10.1016/j.neuroimage.2022.119504

26. Esten H. Leonardsen, Han Peng, Tobias Kaufmann, Ingrid Agartz, Ole A. Andreassen, Elisabeth
Gulowsen Celius, Thomas Espeseth, Hanne F. Harbo, Einar A. Hagestal, Ann-Marie de Lange, Andre F.
Marquandl, Didac Vidal-Pifieiroa, James M. Roe, Geir Selbaxk, Qystein Segrensen, Stephen M. Smith,
Lars T. Westlye, Thomas Wolfers and Yunpeng Wang. (2022). Deep neural networks learn general and
clinically —relevant representations of the ageing brain. Elsevier. 256, pp.l1-14.
https://doi.org/10.1016/j.neuroimage.2022.119210

27.Denis A. Engemann, Apolline Mellot, Richard Hochenberger, Hubert Banville, David Sabbagh, Lukas
Gemein, Tonio Ball and Alexandre Gramfort. (2022). A reusable benchmark of brain-age prediction from
M/EEG resting-state signals. Elsevier. 262, pp.1-17. https://doi.org/10.1016/j.neuroimage.2022.119521

28. Tuhinangshu Gangopadhyay, Shinjini Halder, Paramik Dasgupta, Kingshuk Chatterjee, Debayan
Ganguly, Surjadeep Sarkar and Sudipta Roy. (2022). MTSE U-Net: an architecture for segmentation,
and prediction of fetal brain and gestational age from MRI of brain. Springer. 11(50), pp.1-15.
https://doi.org/10.1007/s13721-022-00394-y

29. Denis Milosevi¢, Marin Vodanovi¢, Ivan Gali¢ and Marko Subasi¢. (2022). Automated estimation of
chronological age from panoramic dental X-ray images using deep learning. Elsevier. 189, pp.1-12.
https://doi.org/10.1016/j.eswa.2021.116038

30.Alexei Taylor, Fengqing Zhang, Xin Niu, Ashley Heywood, Jane Stocks, Gangyi Feng, Karteek Popuri,
Mirza Faisal Beg, Lei Wang. (2022). Investigating the temporal pattern of neuroimaging-based brain age
estimation as a biomarker for Alzheimer's Disease related neurodegeneration. Elsevier. 263, pp.1-15.
https://doi.org/10.1016/j.neuroimage.2022.119621

31.Karim Armanious; Sherif Abdulatif; Wenbin Shi; Shashank Salian; Thomas Kustner; Daniel Weiskopf;
Tobias Hepp; Sergios Gatidis and Bin Yang; (2021). Age-Net: An MRI-Based Iterative Framework for
Brain Biological Age Estimation . IEEE Transactions on Medical

a. Imaging. http://doi:10.1109/tmi.2021.3066857

32.Zahra Jahanshiri; Mohammad Saniee Abadeh and Hedieh Sajedi; (2021). Brain Age Estimation based on
Brain MRI by an Ensemble of Deep Networks . 2021 15th International Conference on Ubiquitous
Information Management and Communication
(IMCOM). http://doi:10.1109/imcom51814.2021.9377399

33.Jian Cheng; Ziyang Liu; Hao Guan; Zhenzhou Wu; Haogang Zhu; Jiyang Jiang; Wei Wen; Dacheng Tao
and Tao Liu; (2021). Brain Age Estimation From MRI Using Cascade Networks With Ranking Loss .

a. [EEFE Transactions on Medical Imaging. http://doi:10.1109/TM1.2021.3085948

64



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

34. Mauer, Markus Auf~ der; Well, Eilin Jopp-van; Herrmann, Jochen; Groth, Michael; Morlock, Michael
M.;Maas, Rainer; SArring, Dennis (2020). Automated age estimation of young individuals based on 3D
kneeMRI using deep learning. International Journal of Legal Medicine. http://d0i:10.1007/s00414-020-
02465-z

35. Iman Beheshti; M.A. Ganaie; Vardhan Paliwal; Aryan Rastogi; Imran Razzak and M. Tanveer;
(2021). Predicting brain age using machine learning algorithms: A comprehensive evaluation . IEEE
Journal of Biomedical and Health Informatics. http://doi:10.1109/JBHI.2021.3083187

36.Pardakhti, Nastaran and Sajedi, Hedieh (2020). Brain age estimation based on 3D MRI images using 3D
convolutional neural network. Multimedia Tools and Applications. http://doi:10.1007/s11042-020-
09121-z

37. Alfaro-Almagro, F., Jenkinson, M., Bangerter, N.K., Andersson, J.L.R., Griffanti, L., Douaud, G.,
Sotiropoulos, S.N., Jbabdi, S., Hernandez-Fernandez, M., Vallee, E., Vidaurre, D., Webster, M.,
McCarthy, P., Rorden, C., Daducci, A., Alexander, D.C., Zhang, H., Dragonu, 1., Matthews, P.M., Miller,
K.L., Smith, S.M., 2018. Image processing and Quality Control for the first 10,000 brain imaging datasets
from UK Biobank. Neuroimage 166, 400—424. https://doi.org/10.1016/j.neuroimage.2017.10.034

38.Friedman, J., Hastie, T., Tibshirani, R., 2010. Regularization paths for generalized linear models via
coordinate descent. J. Stat. Softw. 33, 1-22. https://doi.org/10.18637/jss.v033.101

39. loffe, S., Szegedy, C., 2015. Batch normalization: Accelerating deep network training by reducing
internal covariate shift, in: 32nd International Conference on Machine Learning, ICML 2015. pp. 448—
456.

40.Jollans, L., Boyle, R., Artiges, E., Banaschewski, T., Desriviéres, S., Grigis, A., Martinot, J.L., Paus, T.,
Smolka, M.N., Walter, H., Schumann, G., Garavan, H., Whelan, R., 2019. Quantifying performance of
machine  learning  methods  for  neuroimaging data.  Neuroimage 199, 351-365.
https://doi.org/10.1016/j.neuroimage.2019.05.082

a. LeCun, Y., Bengio, Y., Hinton, G., 2015. Deep learning. Nature 521, 436-444.
https://doi.org/10.1038/nature14539

41.Long, J., Shelhamer, E., Darrell, T., 2015. Fully Convolutional Networks for Semantic Segmentation, in:
The IEEE Conference on Computer Vision and Pattern Recognition (CVPR). pp. 3431-3440.

42. Miller, K.L., Alfaro-Almagro, F., Bangerter, N.K., Thomas, D.L., Yacoub, E., Xu, J., Bartsch, A.J.,
Jbabdi, S., Sotiropoulos, S.N., Andersson, J.L.R., Griffanti, L., Douaud, G., Okell, T.W., Weale, P.,
Dragonu, 1., Garratt, S., Hudson, S., Collins, R., Jenkinson, M., Matthews, P.M., Smith, S.M., 2016.
Multimodal population brain imaging in the UK Biobank prospective epidemiological study. Nat.
Neurosci. 19, 1523-1536. https://doi.org/10.1038/nn.4393

43. Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., Blondel, M.,
Prettenhofer, P., Weiss, R., Dubourg, V., Vanderplas, J., Passos, A., Cournapeau, D., Brucher, M.,
Perrot, M., Duchesnay, E., 2011. Scikit-learn: Machine Learning in Python. J. Mach. Learn. Res. 12,
2825-2830.

65



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

44,

45.

46.

47.

48.

49.

Schulz, M., Yeo, B.T.T., Vogelstein, J.T., Mourao-, J., Kather, J.N., Kording, K., Richards, B., Bzdok,
D.,2019. Deep learning for brains?: Different linear and nonlinear scaling in UK Biobank brain images
vs. machine-learning datasets. bioRxiv 757054.

Simonyan, K., Zisserman, A., 2014. Very Deep Convolutional Networks for Large-Scale Image
Recognition. arXivPrepr. arXiv1409.1556.

Smith, S.M., Vidaurre, D., Alfaro-Almagro, F., Nichols, T.E., Miller, K.L., 2019. Estimation of brain
age delta from brain imaging. Neuroimage 200, 528-539.
https://doi.org/10.1016/j.neuroimage.2019.06.017

Srivastava, N., Hinton, G., Krizhevsky, A., Salakhutdinov, R., 2014. Dropout: A Simple Way to Prevent
Neural Networks from Overfitting, Journal of Machine Learning Research.

Sutskever, ., Martens, J., Dahl, G., Hinton, G., 2013. On the importance of initialization and momentum
in deep learning, in: 30th International Conference on Machine Learning, ICML 2013. pp. 2176-2184.

Durga, B. K., Rajesh, V., Jagannadham, S., Kumar, P. S., Rashed, A. N. Z., & Saikumar, K. (2023).

DeepLearning-Based Micro Facial Expression Recognition Using an Adaptive Tiefes FCNN
Model. Traitement du Signal, 40(3).

66



