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Abstract – Age estimation from brain MRI has proved to be 

considerably helpful in early diagnosis of diseases such as 

Alzheimer’s and Parkinson’s. In this study, curriculum 

learning effect on age estimation models was measured using a 

brain MRI dataset consisting of normal and anomaly data. Three 

different strategies were selected and compared using 3D 

Convolutional Neural Networks as the Deep Learning 

architecture. The strategies were as follows: (1) model training 

performed only on normal data, (2) model training performed 

on the entire dataset, (3) model training performed on normal 

data first and then further training on the entire dataset as per 

curriculum learning. The results showed that curriculum 

learning improved results by 20 % compared to traditional 

training strategies. These results suggested that in age 

estimation tasks datasets consisting of anomaly data could also be 

utilized to improve performance. 

 

Keywords – Age estimation, age prediction, brain MRI, 
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I. INTRODUCTION 

Estimating the age of individuals from features such as 

human facial details, teeth, DNA, speech signals and brain 

structure is one of the fields of study that has applications [1]–

[3]. Related studies are justified for forensic or disease 

diagnosis and are usually performed using image analysis 

techniques [2], [4]. 

Advances in artificial intelligence studies and convolution-

based architectures have led to improved machine learning and 

deep learning-based studies on age prediction from MRI 

images. In this area, some studies performed age analysis from 

MRI images of bones such as clavicle [5], [6], radius, ulna [4], 

femur [7] and wrist [8], as well as MRIs of the hand [5], [9] and 

knee [10]. In addition, age estimation can be made from the data 

including teeth [5], [11] and dentine images [12]–[14]. 

One of the most important methods used for age estimation 

is the detection of morphological changes in different brain 

regions from brain MRI images. Thus, age estimation can be 

made through age-related changes seen in anatomical structures 

in the brain [15]–[17]. 

Lam et al. [18] estimated age using T1-weighted brain MR 
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images to predict Alzheimer’s, and Behesthi et al. [19] also 

performed a similar study for diagnosing both Alzheimer’s and 

Parkinson’s. While Lam et al. [18] used 3D-CNN as a method 

identical to that of Ueda et al. [20]. Behesthi et al. used 3D 

Convolutional Neural Network (3D-CNN) with the Support 

Vector Regression algorithm [19]. Huang et al. sought a 

solution to the same problem with the VGG method [21]. 

Afshar et al. preferred Extreme Learning Machine as the 

method of choice [1]. In [22], an Age-Net framework is 

developed, which first performs chronological age estimation 

with the Inception v1 CNN architecture and then estimates 

biological age with SqueezeNet [22]. Su et al. made a sparse 

representation for age prediction and age-related classification 

[17]. While Franke et al. [23] used the Relevance Vector 

Machine for regression, Wang et al. [3] used Hidden Markov 

Models. Apart from the above-mentioned research, there are 

also studies discussing the use of transfer learning techniques 

for age estimation [24], [25]. 

Curriculum learning in age estimation has also been 

discussed [26]–[28]. In the curriculum learning approach, the 

system does not learn from random data, unlike the classical 

education model. Instead, the system is trained with easy 

examples first, followed by more difficult ones. This approach 

has been developed by taking advantage of the observation that 

living beings learn better and faster when they start with easy 

patterns, and it is preferred because of its ability to generalize 

[26]. Furthermore, we come across multiple studies devoted to 

curriculum learning-based age estimation. Wang et al. [27] 

estimated age from face images by using the ResNet-34 

architecture; Li et al. made age estimates from face pictures, 

using a cumulative hidden layer learning model as a deep 

learning architecture [28]. Moreover, Kim et al. predicted the 

age using dental X-ray images through DenseNet-121 

architecture [29]. As can be seen, although there are studies that 

use different data types in various fields in which curriculum 

learning is used in age estimation, it has not been used in age 

estimation from brain MRI. 

In this study, three different learning strategies for age 

prediction from brain MRIs were experimentally tested on 
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3D CNN architecture to measure the impact of curriculum 

learning on estimating the age from brain MRI images. In the 

first strategy, the model was trained with healthy brain MRIs, 

while brain MRIs containing anomalies were used together with 

the normal data in the second strategy. In the last strategy, the 

system was trained first with healthy brain MRIs and then with 

both healthy and anomaly MRIs, and thus the curriculum 

learning method was applied to the model. 

II. MATERIAL AND METHOD 

A. Dataset 

In this research, Gazi Brains 2020 [30], which includes 50 

patients diagnosed with high-grade glioma (HGG) and 50 

individuals with no anomalies, was used to predict age from 

brain MRI. Only FLAIR weighted images were selected for 

training deep learning models. The first and last slices were 

removed, and the middle 17 slices were chosen for the research. 

The images were rescaled, resized and converted to grayscale. 

As predicting the age of the individual consists of the 

information from the entirety of the brain, 3D models were 

proposed. A 3D image of 224×224×17 was constructed from 

the slices to represent the entire brain. 

The dataset has individuals with ages ranging between 7 and 

81. The age histogram of the whole dataset is given in Fig. 1. 

 
 

Fig. 1. Age distribution of Gazi Brains 2020 dataset. 

 

The mean, median and standard deviation values for normal 

and anomaly data are given in Table I. 

TABLE I 

GAZI BRAINS 2020 DATASET STATISTICS 

Metrics 
 

 Mean Median Standard Deviation 

Normal 38.68 38.00 15.65 

Anomaly 57.34 60.50 15.18 

 

As can be observed from the histogram, the anomaly dataset 

generally consists of elderly individuals. This difference be- 

tween the age groups of normal and anomaly datasets should be 

taken into account when training and testing age detection 

models. 

B. Learning Strategies 

Three different learning strategies were used in the research. 

All learning strategies are presented in Fig. 2. 

• Strategy 1: Classical Learning Strategy with only Normal 

Data. In this strategy, only normal data were used for training, 

validating and testing models. 

• Strategy 2: Classical Learning Strategy with mixed data. In 

this strategy, both normal and patients with HGG data were 

used for training, validating. Models were trained from scratch 

with randomly shuffled data. Testing was performed with only 

normal data. 

• Strategy 3: Curriculum Learning Strategy. In this strategy, 

firstly, models were trained using normal data and then training 

continued by adding anomaly data. Validating and testing were 

performed with only normal data. 

C. 3D-CNN 

When working with two-dimensional images, convolutions 

are applied to 2D feature maps [31]. In the brain MR images, a 

three-dimensional image formed by combining a certain 

number of slices emerges. Considering that there is a brain MRI 

and age information for every person in the dataset within the 

scope of our study, it is evident that a three-dimensional 

structure should be used. The age corresponding to the subject 

can be represented by all of the slices together rather than 

specific slices alone. For this reason, 3D CNN has been 

preferred as a deep learning architecture. 

A custom 3D CNN model was built with a linear output for 

regression as shown in Fig. 3. The model consists of four 

convolutional blocks and two fully connected layers. 

Convolutional blocks consist of two convolutional layers with 

(2, 2, 2) kernel sizes followed by batch normalization and ReLu 

Activation Function followed by the Max Pooling layer. Max 

Pooling layers were set to (2, 2, 1) to conserve slice 

information, as it was not beneficial to perform max pooling on 

the slice dimension. Fully connected layers consist of 128 and 

64 neurons, respectively, connected to a linear layer as output 

for regression (Fig. 3). 

The data were structured for 3D using 2D slices and, after 

removing the first and last layers, 17 slices were stacked on top 

of each other to represent the entire brain. Therefore, the shape 

of the data was 224, 224, 17, 1. When performing max pooling 

on this kind of data structure, it was decided not to perform max 

pooling on the slice dimension and set the max pooling to 

(2, 2, 1). This way, the slice information is preserved without 

dimension reduction on this dimension while still performing 

max pooling on the image dimensions. 
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Fig. 2. Th e proposed learning strategies.

 
Fig. 3. 3D-CNN model architecture. 

III. RESULTS AND DISCUSSION 

The experiments were performed with 5-fold cross-

validation. For each fold, 3 parts were used for training, 1 part 

was used for validation and 1 part was used as a test set. The 

model was trained using the training set and the performance of 

the model was observed during the training according to the 

validation set. The model with the best validation performance 

was selected and its success on the test set was reported as 

experimental results. 

A learning rate of 0.00008 was used with the Adam 

optimizer. A batch size of 4 with a dropout of 0.3 was selected 

and the models were trained for 100 epochs. The Mean 

Absolute Error (MAE) was used for both loss function and 

success metric. MAE value is one of the most frequently used 

metrics in regression problems because it is easily interpretable. 

It is a measure of the difference between two continuous 

variables. One of the variables used here is the actual value, and 

the other is the value predicted by the model. The MAE is the 

average vertical distance between each true value and the line 

that best fits the data and the average horizontal distance 

between each data point and the line that best fits the data. Thus, 

the MAE is a linear value that measures the mean size of errors 

in a set of estimates, with all individual errors weighted equally 

on the mean. An MAE value of zero is the ideal situation and 

indicates that all the predicted values agree with the true values. 

Also, all positive real numbers are probable MAE values, while 

the MAE value does not take values between specific numbers. 

When two or more models are compared, the lower MAE value 

is expressed as more successful. The calculation of the MAE 

value is given below (1). 

  𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑗 − ŷ𝑗|

𝑛

𝑗=1
  .    (1) 

In Strategy 1, training validation and testing of the model are 

done only on normal data. Only half of the dataset consists of 

normal individuals MRI data, so half the data in this strategy 

goes unused. 

In Strategy 2, training of the model is performed using both 

anomaly and normal data, and validating and testing are carried 

out on only normal data. Since the dataset consists of patients 

with anomalies and normal individuals, using the other half of 

the data improves results as the data have essentially doubled. 

However, this strategy might be unreliable as the patients with 
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anomalies tend to be older in the dataset and might cause a bias. 

Furthermore, the model can learn to detect age using the 

features from the tumors or anomalies. Curriculum learning 

strategy is proposed to overcome these challenges and to 

improve results on the dataset using as much data as possible. 

In Strategy 3, using curriculum learning, the pre-trained 

model from the 1st step is taken and trained further with a 

dataset consisting of both normal data and anomaly data. This 

way it is made sure that the model has learned the right features 

to look for when it comes to age detection. Using curriculum 

learning made it possible for the entire dataset to be utilized, 

increasing the size of the data and helping against overfitting. 

After 50 epochs of only being trained on the normal dataset, 

the best performing epoch model on the validation dataset 

of every fold was taken to be further trained on anomaly and 

normal data together. Starting from relatively easy data to find 

the right features and then performing training on a bigger 

dataset, it is possible to improve the results (see Table II). 

Table II shows that the least successful model has been the 

one trained from only normal data; it is also the model that has 

only seen half of the dataset, therefore this model has the worst 

test results and is more prone to overfitting. 

TABLE II 

5-FOLD CROSS-VALIDATION MAE  RESULTS OF LEARNING STRATEGIES 

 

Folds Classical learning with 

only normal data 
Classical learning 

with mixed data 
Curriculum 

learning 

1 09.59 07.43 08.12 

2 17.14 13.25 12.70 

3 12.30 06.96 06.26 

4 11.05 15.36 07.09 

5 12.68 11.06 08.13 

Avg. 12.55 10.81 08.49 
 

Classical learning with mixed data strategy has improved the 

results on average of five folds by 14 %. This is mainly due to 

the size of the data increasing in the training set. It is entirely 

possible for this model to have more biases due to the nature of 

the anomaly dataset. 

Curriculum learning strategy has improved the results on 

average of five folds by 20 %. This model is the least prone to 

overfitting and bias compared to the other two. 

 

 

 
 

Fig. 4. Loss and MAE plots (a), (d) for Strategy 1 (b), (e) for Strategy 2 and (c), (f) for Strategy 3. 

 

In Fig. 4, Y-axes on a, b and c graphs show loss values while 

d, e and f are MAE values, respectively, for Strategy 1, 2 and 3. 

The X-axis shows the number of epochs trained. The loss 

curves of the models have not overfit as the train and validation 

losses are roughly similar and while the models starting from 

scratch (Strategy 1 and 2) have very high loss values (200–300) 

and MAE values (60–80) from the start, the curriculum learning 

model (Strategy 3) starts from a lower loss (25–30) and MAE 

(15–20) as it has already been trained on normal data and 

therefore starts the task with better weights set already.  

IV. CONCLUSION AND RECOMMENDATIONS 

In this study, Gazi Brains 2020 dataset, which contains 

normal and anomaly brain MRI data, was used to estimate the 

individual’s age. 

Curriculum learning was proposed to utilize the anomaly 

data in a better way. It was shown that using curriculum 

learning improved results compared to models who were 

trained on normal or both normal and anomaly data without 

curriculum learning. While using the entire dataset improved 

outcomes by nearly 20 % compared to using only the normal 
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patient data, curriculum learning improved the results by 20% 

further compared to classical training strategies. 

This study shows that through the usage of curriculum 

learning, it is possible to utilize anomaly data with normal data 

in tasks unrelated to the anomaly itself. 

The open datasets available online consist of much normal 

and anomaly data. In cases such as age detection, it is possible 

to utilize both the normal and anomaly data using curriculum 

learning. Using curriculum learning can increase the dataset 

size and ensure that the abnormalities cause as little bias as 

possible in tasks unrelated to the anomalies. 

V. FUTURE WORK 

In the scope of this work, further expansion on the concept 

of curriculum learning is planned. Since curriculum learning 

has had a considerable effect on the success of the model trained 

from this dataset, it is planned that the same concept will be 

applied to different datasets or amalgamation of datasets to see 

if a similar increase in performance can be observed. 

The benchmarking of the effects of curriculum learning on 

various datasets will be presented and discussed. Furthermore, 

different sequences such as T1 or T2-weighted data will be 

added to examine the effect of curriculum learning further when 

different sequences are also part of training. 
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