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A Machine Learning Approach for Sex and Age Classification of
Paediatric EEGs

Lan Wei', John C McHugh? and Catherine Mooney'

Abstract— Electroencephalography (EEG) is an important
investigation of childhood seizures and other brain disorders.
Expert visual analysis of EEGs can estimate subjects’ age based
on the presence of particular maturational features. The sex of
a child, however, cannot be determined by visual inspection.
In this study, we explored sex and age differences in the
EEGs of 351 healthy male and female children aged between 6
and 10 years. We developed machine learning-based methods
to classify the sex and age of healthy children from their
EEGs. This preliminary study based on small EEG numbers
demonstrates the potential for machine learning in helping with
age determination in healthy children. This may be useful in
distinguishing developmentally normal from developmentally
delayed children. The model performed poorly for estimation
of biological sex. However, we achieved 66.67% accuracy in age
prediction allowing a 1 year error, on the test set.

I. INTRODUCTION

The human brain undergoes significant maturational
change during childhood, which is paralleled by changes
within the electroencephalogram (EEG). Changes are par-
ticularly marked within the first year, after which more
gradual evolution occurs into early childhood and onwards
to adolescence. Appreciation of age-specific normative EEG
patterns is clinically important as abnormalities of brain
development can be associated with slowing of background
activities as well as other patterns of abnormal activity.

Medical reporting of EEG is primarily based on visual
inspection by qualified experts in Clinical Neurophysiology
with a combined appreciation of age-related neurological dis-
ease and knowledge of age-related EEG patterns. Research
on machine learning-based EEG feature estimation for age
and sex determination is limited.

An automated EEG-based sex and age classification
method would be a powerful tool for brain development
researchers and the research to date, although limited, has
shown some good results [1]. Kaushik er al. [2] developed
a deep BLSTM-LSTM network model to predict sex and
age from 60 EEG recordings with an age range from 6-
55 years old, which achieved an accuracy of 93.7% for
age classification and 97.5% for sex classification. Similarly,
Nguyen et al. [3], [4] and Kaur et al. [5] developed methods
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with accuracy ranging from 88.3% - 97.5% and 93.8%
to 97.7% for age and sex, respectively. However, all the
previously mentioned methods suffer from some serious
drawbacks. They used a very wide age range (from 6 -
69) and predicted the age into bins e.g. 6-10, 12-15, 19-
34; 35-54; and 55-69. Moreover, Kaushik et al. and Nguyen
et al. [2], [4] divided their EEGs into epochs, then trained
and tested their models on EEG epochs that were likely to
be from the same person. This has the potential to lead to
overfitting and there is no guarantee that their models will
perform well on independent tests sets.

In this study, we analyse the features of the EEGs, which
could assist researchers in exploring the differences between
male and female children and brain development. We devel-
oped machine learning-based methods to classify the sex and
age of healthy children’s EEG recordings (n=351). We took
care to separate the children into either the training or test set
to ensure that the test set was independent (the training and
test set without overlap). For age prediction, we predicted
the specific age, in years, of the child rather than an age
range.

II. MATERIALS AND METHODOLOGY
A. CHI EEG Dataset

Ethical approval was granted from the Medical Research
Ethics Committee of Our Lady’s Children’s Hospital Crum-
lin, Dublin, Ireland (GEN/617/17). EEGs from 351 healthy
children and 301 children with epilepsy aged 6 to 10 were
used in this study. 80% (n=282) of the healthy EEGs of each
age were used to train the method for age classification,
and the remaining 20% (n=69) were used for testing. The
same training and test set were used to develop the sex
classification method. Table I shows the number of EEG
recordings used for training and testing.

TABLE I
NUMBER OF EEG RECORDINGS USED TO TRAIN AND TEST THE SEX AND
AGE CLASSIFICATION METHODS.

Sex Age 6 Age7 Age8 Age9 Age 10
Train Female (n=107) 28 19 26 16 18

Male (n=175) 36 43 34 36 26
Test Female (n=25) 6 5 6 4 4

Male (n=44) 9 11 9 9 6

B. Data Pre-processing

The CHI EEG dataset was sampled at different sampling
frequencies of 200Hz, 256Hz, and 500Hz. Therefore, the
EEG signal was resampled to 256Hz. A notch filter (S0Hz)



was used to remove power line interference, and DC offset
was removed from the EEGs. Singular Spectrum Analysis
(SSA) was used to remove artefacts with a window length
of 4. SSA is a subspace-based technique for time series
analysis [6], which comprises four basic steps: 1) embed-
ding, 2) singular value decomposition, 3) grouping and 4)
reconstruction. SSA is widely used for removing artefacts
such as motion artefact [7], electromyogram (EMG), elec-
trooculogram (EOG), and electrocardiogram (ECG) artefacts
[8].

C. Channel Selection

EEG recording is a highly complex process, and the
unique channel configuration of each EEG or clinical site
needs to be adapted [9]. Channels from frontal, central,
parietal, occipital and temporal regions are used according
to longitudinal bipolar derivations [10] (Channels FP1-F7,
F7-T3, T3-T5, T5-O1, FP1-F3, F3-C3, C3-P3, P3-O1, FP2-
F8, F8-T4, T4-T6, T6-02, FP2-F4, F4-C4, C4-P4, P4-02).
In this study, channels FP1-F7, FP1-F3, F7-T3 and T3-
T5 had the best performance on the training set (10-fold
cross-validation). Therefore, we used these four channels to
develop the methods.

D. Feature Estimation

In this work, time and frequency domain features were
measured. Discrete wavelet transform was used to filter the
signals within the frequency bands (delta, theta, alpha, beta
and gamma) of interest [9]; 5s epochs with 2.5s overlap were
used to develop 23 features for each channel. These features
are as follows.

Standard features (9): The mean, standard deviation,
signal envelope, kurtosis, skewness, complexity, mobility,
variance and fractal dimension of pre-processed absolute
amplitude were calculated in the time domain.

Features in sub-frequency bands (11): Wavelet decom-
position was used to extract the different rhythm activities,
with delta (0-4Hz), theta (4-8Hz), alpha (8-16Hz), beta (16-
32Hz), and gamma (32-64Hz) [11]. The relative and absolute
band power of these rhythm activities were estimated. The
absolute band power of the EEG amplitude was also used in
this study.

Frequency domain features (3): The mel-frequency cep-
stral coefficients (MFCCs) [3], power spectral density (psd),
and amplitude modulation spectrogram (AM spectrogram)
were extracted as features for developing the sex and age
classification methods.

E. Data Balancing

In this study, the number of female children (n=107) in
the training set was less than the number of male children
(n=175). This leads to class imbalance, which makes it
challenging to train machine learning models. Therefore,
Synthetic Minority Over-sampling Technique (SMOTE) [12]
was used to balance the data in the training set (k=5) for
sex classification. For age classification, the number of the
different ages are relatively balanced in the training sets (Age

6: n=64; Age 7: n=62; Age 8: n=60; Age 9: n=52; Age 10:
n=44;). Therefore, the data balancing technique is not used.

F. Method Development

The random forest algorithm was implemented within
the Python 3 environment. The parameters n-estimators and
max-depth were optimised based on the performance of the
training set (10-fold cross-validation) for the sex and age
classification in the EEG recordings. The n-estimators value
was tested from 100 to 300, and the max-depth was tested
from 5 to 15. The best performance on the training and test
set was achieved when n-estimators = 100, max-depth = 6
for the sex classification, n-estimators = 100, and max-depth
= 5 for the age classification.

G. Performance Evaluation

Accuracy, precision, recall, and F1 score were used to eval-
uate the sex classification model. Accuracy, macro-averaged
precision, macro-averaged recall, macro-averaged F1 score
and mean absolute percentage error (MAPE) were used for
age classification.

MAPE = 1 E (1)
n
t=1

At_Pt
Ay

MAPE: Mean absolute percentage error; n: Number of
times the summation iteration happens; A;: Actual value;
P;: Predicted value;

III. RESULTS
A. Feature Analysis

Figure 1 compares relative theta and alpha between male
and female children at the age of 6 on channels FP1-F7, FP1-
F3, F7-T3, and T3-T5. It is clear that female children at the
age of 6 have higher relative theta and lower relative alpha
compared with male children. In addition, Mann-Whitney U
Test was calculated for the relative theta and relative alpha
for male and female, with p-value less than 0.05.

Figure 4 shows the change in the power of different
frequency bands with sex and age. Figure 4 shows that the
power of different frequency bands (theta, alpha, beta and
gamma) have different development trends with increasing
age in male and female children.

B. Sex Classification

Table II shows the performance of the sex classification
method. Sex classification, in this case, is a binary class
classification method, which achieved an accuracy of 55.07%
on the sex test set.

TABLE I
PERFORMANCE OF THE SEX CLASSIFICATION METHOD ON TRAINING
AND TEST SET.

Accuracy  Precision  Recall F1 score
Train  73.76% 75.45% 76.68%  73.65%
Test 55.07% 52.57% 52.68%  52.52%
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Fig. 1. Comparison of relative theta and alpha between male and female
children at the age of 6 on channel FP1-F7, FP1-F3, F7-T3, T3-T5. The
blue lines represent the changes in male children’s relative theta and alpha
bands. The orange lines represent the changes in female children’s relative
theta and alpha bands.

C. Age Classification

Table III shows the performance of the age classification
method. Here, age is predicted into five classes, which
achieved an accuracy of 30.43% on the age test set. As age
is not in fact a categorical value, we also show results as a
confusion matrix (Figure 2) where we tolerated a one year
error. In this case we obtained 66.67% accuracy on the test
set (Table III).

TABLE III
PERFORMANCE OF THE AGE CLASSIFICATION METHOD ON TRAINING
AND TEST SET (1-Y-ERR: TOLERATE WITH ONE YEAR ERROR).

Accuracy  Precision  Recall F1 score MAPE
Train 60.99% 60.40% 60.28%  60.99% 9.16%
Test 30.43% 29.97% 29.99%  29.69% 16.03%
Test 1-y-err  66.67% 65.14% 64.93%  64.96% 11.28%
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Fig. 2. Matrix of developed age classification method with one year error
on the age test set.

Figure 3 presents a subanalysis for healthy children and
children with epilepsy. The slope of the predicted age for
healthy children is 0.51. The slope of the predicted age for

children with epilepsy is 0.16. Moreover, the developed age
classification model predicted that the age of children with
epilepsy was significantly lower than that of healthy children
after the age of 8 years. In addition, the Wilcoxon signed rank
test of chronological age and predicted age was evaluated.
The p-value for healthy children is 0.714. And the p-value
of children with epilepsy is 0.0013, which is lower than the
significance level (0.05).
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Fig. 3. Error bars for age classification for healthy children, children
with epilepsy. The blue line indicates the chronological age. The orange
and green lines shows the trend for age prediction for healthy children and
children with epilepsy, respectively.

IV. DISCUSSION

Previous research showed that female children at the age
of 6 have higher relative theta and lower relative alpha
compared with male children [4], which we also observed
in this study (Channels FP1-F7, FP1-F3, F7-T3 and T3-T5,
see Figure 1). Mann-Whitney U Test was calculated for the
relative theta and relative alpha for male and female, with
p-value less than 0.05. Results show that the relative theta
and alpha for male and female children have a statistically
significant difference. Figure 4 shows that the power in the
different frequency bands (theta, alpha, beta, and gamma)
has significantly increased from 6-7 and then reduced from
7 to 10 on the left frontal area (FP1-F7, FP2-F3, F7-T3) for
male children. For female children, the power in the different
frequency bands (theta, alpha, beta, and gamma) significantly
decreases from 6-7 and 8-9 years old, trending upward from
7 to 8 and 9-10 on the left front area. In addition, it is clear
that the qualitatively EEG visual review is a reduction in
frontal amplitudes with increasing maturation. There is an
unusual peak in the male data around the age of 7 years and
female data around the age of 8 years. Figure 3 presents a
subanalysis for children with epilepsy. The slope of predicted
age for healthy children (slope=0.51) is higher than that of
children with epilepsy (slope=0.16). In addition, statistically
significant differences were found in chronological age and
predicted age for children with epilepsy (p < .05, Wilcoxon
signed rank test). However, there were no statistically sig-
nificant differences in chronological age and predicted age
for healthy children (p > .05 , Wilcoxon signed rank test).
This behavior implies that the predicted chronological age in
children with epilepsy diverged from healthy subjects.

Previous studies [1], [2], [4], [3] developed sex and age
classification methods based on using EEGs from children
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aged 6 up to adults age 69, and predict the age into a small
number of bins with wide age ranges, for example, young,
middle aged and elderly. In addition, some researchers [2],
[4] divided their EEG dataset into epochs and trained and
tested on epochs which may come from the EEG of the same
person. This can lead to overfitting, and the performance of
the classifier on people not included in the training data is un-
known. For example, when we trained and tested our models
using epochs from the same children in both the training and
test set, for comparison, we achieved an accuracy of 98.87%
and 99.07% for sex and age classification, respectively.
However, this is clearly overfitting and the models will not
perform well on children who were not included in the
training data i.e. the models will not generalise. In our
training and testing we took care to separate the children
into either the training or test set to ensure that the test set
was independent, which reduced the overfitting problem.

A limitation of the current study is that our models
performed poorly for prediction of biological sex, with an
accuracy of 55.07% on the test set. In future work, we
would like to investigate what features are important for
sex classification for children. In addition, because machine
learning is a “black box” approach, clinicians may have
difficulty trusting machine learning-based models [13]. In
future work, we will use explainable Al (XAI) techniques to
help gain users’ trust in machine learning-based models.

V. CONCLUSIONS

In this study, we have developed a sex and age classifica-
tion models for children’s EEG data. The models developed
in this work can predict the specific age rather than an
age range. Moreover, the models were tested on a test
set that was independent from the training set. Our model
achieved an accuracy of 55.07% and 30.43% for sex and
age classification, respectively, and 66.67% accuracy in age
prediction allowing a 1 year error. Moreover, we analysed the
features of EEGs that could assist researchers in exploring
the differences between male and female children, and in
the analysis of brain development. Our results demonstrate

that there are sex and age differences in the EEG recordings
of children aged 6-10 years. In addition, a subanalysis was
done for children with epilepsy and found that predicted

chronological age diverged from healthy subjects.
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