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ABSTRACT
The success of deep learning in computer vision has inspired
the scientific community to explore new analysis methods.
Within the field of neuroscience, specifically in electrophys-
iological neuroimaging, researchers are starting to explore
leveraging deep learning to make predictions on their data
without extensive feature engineering. One of the success
is from Putten et al. (2018) which created a Convolution
Neural Network to predict sex from scalp EEG with prob-
ability of more than 80%. In our project, we investigated
the robustness of this and other deep learning models as ap-
plied on 24-channel EEG data from a large corpus of 1,574
participants to classify between child and adolescent. Our
results suggests that deep convolutional neural networks can
indeed learn discriminative features from raw EEG data to
make prediction, something that traditional machine learning
approaches failed to achieve.

1. INTRODUCTION

Identifying brain developmental states is always an important
issue especially for young individuals. Traditional brain de-
velopment evaluation methods include developmental and be-
havioral screening, and brain imaging evaluation. It would
be very helpful to develop an accessible method to show the
brain development stage based on the neuroactivity in real-
time. Within neuroimaging techniques, electroencephalogra-
phy (EEG) is an non-invasive and relatively low-cost method
to monitor the real-time brain activity with very high tempo-
ral resolution. Therefore, the goal of this project is to predict
age groups using raw EEG with deep learning to investigate
the brain developmental level of children and adolescents.

Conventionally, EEG analysis and machining learning
with EEG input greatly rely on feature extraction including
spectral analysis and component analysis. On the other hand,
a significant advantage of Deep Learning is the ability to
make predictions on the data without extensive feature engi-
neering. This project aims to train multiple deep learning and
traditional machine learning models on a raw EEG dataset of
more than 2000 subjects made publicly available by the Child

Mind Institute Healthy Brain Network project to classify dif-
ferent age groups ranging from 5 to 22 years old. The input to
our algorithm is a 24-channels x 256 time points (2 seconds x
128 Hz) raw EEG data. We then use a deep convolution net-
work, 1D convolution network, EEGNet, LSTM, convLSTM,
and traditional machine learning models to output a predicted
age group of child (5-11 yo) or adolescent (12-22 yo).

2. RELATED WORK

To our knowledge, there are only a handful of previous work
on EEG-based age prediction using machine learning are
found. Within those publications, most of them are applying
machine learning models instead of deep learning networks
on feature-extracted EEG data. Only one paper was utilizing
a deep neural network on raw EEG from sleeping patients
to predict the brain age, achieving a mean absolute error
(MAE) of 4.604 and a Pearson’s r value of 0.933 [9]. We
were not able to access the full paper which was published on
03-May-2021, after we submitted our first project proposal.
For the machine learning application on EEG-based age pre-
diction studies, Vandenbosch et al. (2019)[11] applied three
machine learning models to predict brain maturational level
in children and adolescents with an input of 12-channel EEG
power spectra from 2667 subject and reached 95.2% accu-
racy using relevance vector machine; Zoubi et al. (2018)[12]
applied five machine learning regression model to predict
age using extracted EEG features from particular channels
and frequency bands as the input with the stack-ensemble
model achieving highest score of R2 = 0.34(0.06), MAE =
6.87(0.69) and RMSE = 8.46(0.59) in years.

There a rising interest in applying deep learning on EEG
dataset includes exploring the potential of utilizing deep
learning to directly capture features using input of a large
amount of raw EEG data without subjective interpretations.
Roy et al. (2019) [1] reviewed 154 papers that apply deep
learning to EEG and found that around 40% of studies used
convolutional neural networks (CNNs), while 13% used re-
current neural networks (RNNs), and around a half of the
studies used raw or preprocessed EEG time series as the in-
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put. Our project is inspired by the work of Van Putten et
al. (2018) [2], where they trained a Convolutional Neural
Network (CNN) to predict biological sex on scalp resting
state EEG. They achieved greater than 80% accuracy and we
decided to use their model as one of the approach for age
group prediction.

3. DATASET AND FEATURES

3.1. EEG recordings

The dataset, collected and made publicly available by the
Child Mind Institute Healthy Brain Network project, contains
resting EEG data from more than a thousand juvenile (5-22
years) participants. [3] We were able to obtain 1574 subject
data from the published dataset. High-density EEG data were
recorded in a sound-shielded room at a sampling rate of 500
Hz with a bandpass of 0.1 to 100 Hz, using a 128-channel
EEG geodesic hydrogel system by Electrical Geodesics Inc.
(EGI) [3]. The data are publicly available for download at
http://fcon 1000.projects.nitrc.org/indi/cmi healthy brain net
work. We only considered the resting data files. These were
6 minutes in length and were composed of successive 20-s to
40-s periods of eyes open and eyes closed rest respectively.

3.2. Raw data preprocessing

Although DL may be applied to raw EEG data without any
preprocessing [1], we minimally preprocessed the data fol-
lowing the practice in [2] using EEGLAB v2021 [4] running
on MATLAB 2020b. We used only eye-closed data segments
(≈ 170s per subject), ignoring the first and last 3 seconds of
each eye-closed period (resulting in five periods of 34 sec-
onds). We removed the mean baseline for each data epoch
from each channel, down-sampled the data to 128 Hz, and
subsequently band-pass filtered the data between 0.25–25 Hz
(FIR filter of order 6601; 0.125 Hz and 25.125 Hz cutoff
frequencies (-6 dB); zero phase, non causal). Data were re-
referenced to the averaged mastoids and cleaned using Ar-
tifact Subspace Reconstruction EEGLAB plug-in cleanraw-
data (v2.3) [5], an automated method that removes artifact-
dominated channels and portions of data (parameters used
were 5 for FlatLineCriterion, 0.7 for ChannelCriterion, and
4 for LineNoiseCriterion). Removed channels were then in-
terpolated using 3-D spline interpolation (EEGLAB interp.m
function). No bad portions of data were removed. While
our recordings have 128 channels data, the comparison study
[2] used only 24 channels. From the 128 available chan-
nels, we thus selected, by visual inspection of the overlaid
channel maps, the 24 closest channels to the montage used
in [2]. Finally, we segmented eye-closed data periods into
non-overlapping 2-s windows: each preprocessed 2-s epoch
was used as a sample for our final dataset. Each subject pro-
vided about 81 2-s samples (mean 80.8 ± 3.32). Each sample
in our dataset thus had dimension 24x256 (24 channels and

2(s) x 128(Hz) time points). The 128-Hz down sampling and
2-s window length were identical to those used in [2]. No
bad epochs were removed. No further preprocessing was per-
formed for learning from the raw data.

Following [2], we split our dataset into training, valida-
tion, and test sets in size ratio 60:30:10. Each segment re-
ceived a binary label, indicating a child (0) or a adolescent
(1). This gave 71,300 samples (885 participants; 61% child)
for training, 39,868 samples (492 subjects; 63% child) for
validation, and 16,006 samples (197 subjects; 55% child) for
testing.

4. METHODS

We explored different Deep Learning models that have pre-
viously been shown to work well with either raw EEG data
or time-series data. We also performed a baseline test us-
ing traditional machine learning models. Summaries of these
models are detailed in sections below. For a detailed view
of the architecture of each model we experimented, see the
Appendix.

4.1. Putten’s model

We attempted to reconstruct the network architecture from the
original paper [2] but faced challenges as the details neces-
sary to replicate the network were in some cases missing and
in others inconsistent. Here we describe our best effort at
replicating the model. Each of the first 4 CNN layers is fol-
lowed by a max pooling layer then a dropout layer using a
25% dropout rate. The output of each convolutional and fully
connected (FC) layer (except the last) was transformed by a
Rectified linear unit (ReLU). The classification layer is a 2-
unit FC layer with a softmax activation, resulting in a proba-
bility p for child or adolescent (p < 0.5 for child and p ≥ 0.5
for adolescent). The number of the network trainable param-
eters was 12,713,934.

4.2. Conv1D

One-dimensional CNN has been applied successfully to time-
series data for the task of human activity recognition using
accelerometer and gyroscopic data [6]. 1D convolution con-
volves signal only on one dimension, in our case the time
dimension. The filter size matched with the input size along
the height dimension, in our case 24 channels. We thus de-
veloped a model Conv1D that includes two 1D CNN layers,
followed by a dropout layer for regularization, then a pooling
layer. Drop out was added to address the common issue of
overfitting in Deep Learning.

4.3. EEGNet

EEGNet is a deep learning model that has been shown to
perform well across various Brain Computer Interface (BCI)
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tasks [7]. The model comprises of variations of convolutional
layer types, including Depthwise convolution [10] and Sep-
arable convolution, which is a Depthwise Convolution fol-
lowed by Pointwise Convolution [10]. The Depthwise convo-
lution apply a 2-d depth filter at each depth level of the input
sample. Separable convolution is then a Depthwise convolu-
tional operation with the height and width dimension sepa-
rated. The argument made for this model was that the model
was able to learned meaningful representations from raw EEG
signal and performed well across BCI tasks while having very
small number of parameters (compared to most other deep
learning model). In fact, our implementation of EEGNet for
our dataset only resulted into 766 trainable parameters.

4.4. LSTM

Long-short Term Memory (LSTM) is a branch of the Re-
current Neural Network (RNN) architecture that features
backward connections between LSTM cells in addition to
the common feed-forward connections. This characteristic
makes LSTM networks adapt at learning sequences of data
of arbitrary length, hence its name. LSTM is widely used in
time-series forecasting, which fits the nature of our task when
the EEG data is essentially a 24-channel time-series signal.

Furthermore, we look into ConvLSTM, a variant of the
LSTM base model with predecessing convolutional layers to
extract features from raw input before feeding into the LSTM
layers. Our implementation of ConvLSTM model features 4
Conv1D layers to condense the input features on each channel
on the time axis, and one LSTM layer to learn the sequence
of features. This model has 563,714 parameters in total, with
563,330 trainable.

4.5. Traditional Machine Learning

To form a baseline for performance comparison, we explore
some of the traditional machine learning models. For each of
these models, we used their default implementation in SciKit-
Learn [8] with no further hyperparameter tuning. As in the
case with our deep learning models, no hyperparameter tun-
ing was performed in order to place emphasis on comparing
different classifiers architectures. For our experiments we im-
plemented and measured the performance of the following
traditional ML models:

• AdaBoost

• Decision Tree

• Random Forest

5. EXPERIMENTS

5.1. Experiment setup

All of our experiments were run on a computing cluster
equipped with a single NVIDIA V100 SMX2 GPU (32GB).

Our software environment consists Python 3.7.10, PyTorch
1.3.1, Tensorflow 1.4.1 with Keras and SciKit [?] libraries.
The validation data were used to assess the models’ perfor-
mance during training and inform stopping rules. Where
applicable, we apply a AdaMax optimizer with default con-
figuration (learning rate = 0.002, β1 = 0.9, β2 = 0.999, ε =
1e − 8) so that our models are optimized for efficiency and
still comparable on the same standard. Additionally, we set
the training batch size to 256 to train each of our model for at
least 50 epochs before evaluating their prediction results.

5.2. Evaluation metrics

Per-sample prediction accuracy was reported for all models
(Table 1). We obtained more detailed performance results for
our best performing models, Putten and Conv1D. Following
[2], we also obtained a final performance estimate for the test
dataset by taking the mean gender probability pave of the first
40 2-s samples for each subject; if probability > 0.5, the sub-
ject was classified as 1 (adolescent) or as 0 (child) otherwise.
We refer to this as per-subject performance. We also com-
puted precision, recall, and F1-score using formula below.
Table 2 below shows detailed performance results for these
two models.

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 = 2 ∗ Precision ∗ Recall
Precision + Recall

where TP, FP, and FN stand for True Positive (# of correctly
classified adolescences), False Positive (# of child wrongly
classified as adolescences), and False Negative (# of adoles-
cences wrongly classified as child).

5.3. Experiment results

We first look at the binary classification accuracy on the
testing set of the various models we tested on. The Putten
model achieved the highest testing accuracy of 74.37%, fol-
lowed closely by the Conv1D model with 71.45% accuracy.
Among the traditional machine learning methods serving as
baseline models, the Random Forest model exhibited optimal
performance with 65.72% accuracy, with simple Decision
Tree model ranking low at 60.88% accuracy. Notice that both
the EEGNet and ConvLSTM models showed sub par perfor-
mance at 55.24%, which is curiously is the exact proportion
of one class in the test set. The actual results agreed with
our concern that both models indeed generated all predictions
on the same class. With further investigation, we found that
those models experienced severe under-fitting during train-
ing. Specifically, their loss curve only decreased during the
initial epoch then has remain unchanged at a high level no
matter how many additional epochs trained. The root cause of
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Models Test Accuracy
Putten 74.37%

Conv1D 71.45%
EEGNet 55.24%

ConvLSTM 55.24%
AdaBoost 64.41%

Decision Tree 60.88%
Random Forest 65.72%

Table 1. Testing accuracy of trained models

Metrics Putten Conv1D
Per-segment Accuracy 74.37% 71.45%
Per-segment Precision 75.24% 78.29%
Per-segment Recall 63.72% 50.5%
Per-segment F1 69% 61.39%
Per-subject Accuracy 80.71% 75.13%
Per-subject Precision 84.72% 89.8%
Per-subject Recall 69.32% 50%
Per-subject F1 76.25% 64.23%

Table 2. Various metrics on the performance of Putten and
Conv1D models

this issue remains curious and should be explored for future
researches.

We further analyze the learning curves of the best per-
forming Putten and Conv1D models as seen in Fig. 1. We
notice a common pattern of decreasing training loss against
increasing validation loss, with validation accuracy quickly
converging at a level considerably lower than the training ac-
curacy. Said characteristics indicates clearly of significant
over-fitting of the training set. We also notice that in the long
run, the converged Conv1D model outperforms the Putten
model in both accuracy and stability. One common solution is
early stopping, in which training is stopped when validation
and training loss start to diverge. Thus we saved intermedi-
ary models during training and chose the version with best
validation accuracy to evaluate on test set at the end.

From the results of Table 2, with high precision and low
recall, we can see that Conv1D is conservative in classifying
a positive example (adolescent). On the other hand, Putten
model strike a better balance between precision and recall, as
reflected clearly by the F1 score as compared to Conv1D. We
suspect that this is due to Conv1D being shallower and thus
adding more layers might allow this model to perform better.

6. CONCLUSION

Our project contributes a new insight of applying deep learn-
ing models on raw EEG dataset without feature extractions
to predict the brain age group of child and adolescent. We
focused on several deep learning approach including a deep

Fig. 1. Accuracy and loss curves during model training (Put-
ten in pink, Conv1D in cyan)

convolution neural network inspired by an CNN for image
recognition, an 1D convolution network, EEGNet, and con-
vLSTM. We also applied traditional machine learning mod-
els include decision tree and AdaBoost to compare the per-
formance. Within all models we tested, the deep convolution
network has the best performance with 74.37% test accuracy,
followed by Conv1D model with 71.45% test accuracy.

We suspected Putten model to perform well as it strikes
a balance between the model complexity and regularization.
The model has 6 convolutional layer, making it deep, while
having dropout in between each of those conv layers, making
it less prone to overfitting right away. Meanwhile, for LSTM
models, the complexity with low regularization could be the
reason why the model immediately overfitted and stopped
learning. The EEGNet model, although sound in theory, has
too few parameters which could be why it’s underperform-
ing. We are intrigued by the ability of Conv1D to perform
relatively well, even when it’s not as deep as Putten model.
Overall, that LSTM models underperfom comparing to CNN
models for time-series data is intriguing. This goes against
the common assumption that LSTM is always better fit for
sequential data.

For future work, we would like to apply different visual-
ization techniques on the trained CNN models to see what dis-
criminative features from the raw EEG that the models have
learned. For scientific endeavors, explainability often triumph
predictions and being able to generate scientific hypohtheses
automatically from data is the ideal for scientific discovery in
the age of big data.
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7. CONTRIBUTIONS

Within our group each member dedicated their effort to the
team project and made fair contributions.

Dung Truong: Data preparation and preprocessing, mod-
els training and evaluation, paper write-up.

Yayu Lin: Data preparation, literature review, paper write-
up.

Yijia Yan: Model research, design, implementation and
evaluation, report write-up and formatting.
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9. REPLY TO REVIEWS

9.1. Review by Group 17

Group 37 presents an interesting topic on the application
of machine learning to predict age using scalp electroen-
cephalography data. They have used the healthy brain net-
work project’s data to train, validate and test their model.
They train their model to classify it as a child or adolescent.
They have used the EEGLAB toolbox from Matlab to prepare
the data for training.

1. They have implemented the models described in their
literature survey thoroughly.

2. There is a comparison between different implemented
models (Conv1D, EEGNet, Decision Tree, etc)

Question:

1. How the 24 channels data are being handled in 1D con-
volution and EEGNet?

2. For Putten et al. implementation are the authors using
only 10 epochs to get rid of overfitting? As in the learn-
ing curve, we see final validation accuracy is around
67% for Putten et al. but for the test data the accuracy
is 74%. Have authors investigated this discrepancy?

3. As this is a classification problem, have the authors
tried to look into the confusion matrix

9.1.1. Reply

1. 1D convolution convolves signal only on one dimen-
sion, in our case the time dimension. The filter size
matched with the input size along the height dimension,
in our case 24 channels. For EEGNet, the first layer is
2D convolution as commonly known. The Depthwise
convolution apply a 2-d depth filter at each depth level
of the input sample. Separable convolution is then a
Depthwise convolutional operation with the height and
width dimension separated.

2. As can be seen from training vs. validation plot Put-
ten et al. model overfitted very quickly, thus continu-
ing training after 10 epochs would only exacerbate the
problem. We picked our final model based on best val-
idation accuracy, which was also around 74%.
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3. They have been included in the report with discussion.

9.2. Review by Group 22

This talk explains a supervised deep learning solution to pre-
dict age groups using raw EEG data. Predicting age based
on EEG could help in understanding the brain development
in children and provide methods to diagnose developmen-
tal disorders. The speakers use the “Healthy Brain Network
Project” dataset to train their network to predict between two
ground truth age classes. The dataset and preprocessing steps
were well explained and backed by prior work. They take
inspiration from a paper that uses EEG data and DL to pre-
dict human biological sex and repurpose it to solve the age
classification problem. The model is compared with multiple
baselines and an accuracy of 80.71% is achieved.

Strengths of the Project:

1. The goal was clearly stated and explained. The motiva-
tion for deep learning was also explained well.

2. The dataset seems to have been well explored for this
project.

3. The comparison with multiple baseline models set the
expectation of performance for this problem well. It
also helped highlight the improvement brought by the
proposed solution

Things to improve:

1. The validation loss curve seems to steadily increase. A
case of overfitting would be when it decreases first and
then increases. What could be the reason for the steady
decrease, and how can it be overcome?

2. Majority voting was used with the Putten model to im-
prove the classification accuracy, why was the same not
done with the baseline models? In specific, Conv1D
seems to perform similarly to vanilla Putten model, so it
might end up performing similarly when voting is used
(comparable to 80.71%)

3. Why is accuracy a good metric for this problem? Con-
sidering accuracy might usually be a weak metric if
there is class imbalance.

4. Since default hyperparameters were used, was this de-
termined to be the best choice? If not, can tuning be
performed?

9.2.1. Reply

1. Validation loss for Putten et al. decreased in the first
four epochs then started to increase, showing overfit-
ting. We recognize that it’s difficult to observe that
from the plot. We decided to early stopped the model

and chose to evaluate the model at best validation accu-
racy. Future tuning can be done to overcome overfitting
including adding more dropout and weight decay.

2. We performed majority voting on Putten model since
its test accuracy per sample is higher from Conv1D. We
wouldn’t expect Conv1D to outperform Putten model if
it’s already inferior using per-segment accuracy.

3. Those metrics have been included in the report with dis-
cussion.

4. We did not perform any hyperparameter tuning as the
initial focus was on trying out different neural architec-
ture. Further hyperparameter tuning can be absolutely
performed.

9.3. Review by Group 30

The project was based on implementing a supervised deep
learning solution to classify between two age groups of sub-
jects from their EEG recordings. The project members use the
“Healthy Brain Network Project” for training their network.
The project members provide solutions implemented in the
existing literature and do a good job of explaining the data
distribution and preprocessing pipelines. They train a deep
learning model based on a previous paper that used the model
for classifying between the biological sex of the subjects from
their EEG recordings. Using this method, they achieve an ac-
curacy of 80They compare this model with the baselines from
simpler models, to highlight the improvement in performance
achieved by their model.

Some questions/possible improvements:

1. In the presentation, we see the training and validation
loss curves. The validation loss curve seems to increase
consistently over all the epochs, while the training loss
curve decreases. We also see a saturation of accuracy
values at that level. This may point to overfitting of the
model. How would you avoid the same?

2. Were the default hyperparameters optimal or would
tuning help further improve the model’s performance?

3. Was Majority voting implemented in all the models? If
not, why so? If yes, did it increase the performance
of the other models as well, specifically the Conv1D
model.

9.3.1. Reply

1. Validation loss for Putten et al. decreased in the first
four epochs then started to increase, showing overfit-
ting. We recognize that it’s difficult to observe that
from the plot. We decided to early stopped the model
and chose to evaluate the model at best validation accu-
racy. Future tuning can be done to overcome overfitting
including adding more dropout and weight decay.
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2. We did not perform any hyperparameter tuning as the
initial focus was on trying out different neural architec-
ture. Further hyperparameter tuning can be absolutely
performed.

3. We performed majority voting on Putten model since
its test accuracy per sample is higher from Conv1D. We
wouldn’t expect Conv1D to outperform Putten model if
it’s already inferior using per-segment accuracy.
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A. MODEL ARCHITECTURES

Fig. 2. Summary of model following [2]

Fig. 3. Summary of Conv1D model

Fig. 4. Summary of ConvLSTM

Fig. 5. Summary of EEGNet
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