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Abstract: This paper explores the application of machine learning and neural networks for age prediction based on PPG signals (photoplethysmographic signals), which
provide a non-invasive and cost-effective method for assessing patient health, particularly in the field of cardiovascular diseases. PPG signals, recorded using light sources
and photodetectors, enable the assessment of changes in blood volume in the microvasculature, which is closely related to the condition of blood vessels. In this study, a
machine leaming model based on neural networks has been developed, using PPG signals as input data to predict patient age.

Various neural network architectures were tested, including models with one hidden layer and models with multiple layers, to investigate how the number of layers affects
prediction accuracy. Additionally, different activation functions, such as tanh and ReLU, as well as various data preprocessing techniques, such as normalizing PPG
signals, were considered. The model evaluation was carried out using MAE (Mean Absolute Error) and MSE (Mean Squared Error) as key statistical indicators measuring
prediction accuracy.

The results show that models with a greater number of hidden layers achieve better performance in age prediction, with a 30% reduction in errors compared to models with
one hidden layer. Errors were primarily caused by data imbalance and specific signal characteristics that were not correctly identified by the model. The causes of larger
prediction errors were also analyzed, revealing that certain PPG signals exhibited features resembling those of older or younger age groups, which influenced the model's
errors. Further optimization of the model and data processing can significantly improve prediction accuracy, potentially making this approach an effective tool for real-time

medical prediction.
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Introduction

Photoplethysmogram (PPG) as a tool for age estimation
using machine learning models. Photoplethysmography (PPG)
is a non-invasive and simple technique for measuring volumetric
changes in blood vessels. PPG signals are obtained using
optical sensors and light reflection, where variations in blood
volume during the cardiac cycle influence the amount of
absorbed or reflected light. These signals are utilized in various
medical applications, such as heart rate monitoring, blood
oxygenation assessment, and arrhythmia detection.

Recently, PPG signal analysis has gained significance as a
tool for assessing cardiovascular health and age-related
characteristics. Age is one of the most important factors in
evaluating vascular health, as physiological changes associated
with aging can be reflected in PPG signals. These changes
include reduced vascular elasticity, increased peripheral
resistance, and alterations in blood flow dynamics.

The objective of this study is to develop a machine learning
model, based on neural networks, capable of accurately
estimating age from PPG signals. The research focuses on
different neural network architectures, data preprocessing, and
model evaluation.

Beyond its theoretical contribution, this study holds
significant practical implications in medical research, as it has
the potential to enable early detection of age-related vascular
health changes. This approach could contribute to the
development of personalized health monitoring systems and the
prevention of cardiovascular diseases.

Literature review

Analysis of PPG signals has already been used in medicine
to assess cardiovascular health, detect arrhythmias and monitor
the condition of blood vessels. Various approaches to age
estimation using machine learning have emerged in the
literature, with neural networks being particularly successful due
to their ability to model complex non-linear relationships.

Previous works have focused on:

Beat detection from the PPG signal as a basis for analysis.
Different neural network architectures for regression
problems.

Data preparation methods, including signal normalization
and segmentation.

Research has shown that the use of advanced signal
processing techniques, such as second derivative and spectral
feature analysis, can further improve model performance. For
example, work using a combination of temporal and frequency
features has shown that models can more accurately
discriminate between samples of older and younger subjects.

Also, data balancing is a key challenge in this domain, as
an uneven distribution of age groups can bias the model.
Current approaches include oversampling, undersampling and
loss weighting techniques to ensure that all age groups are
adequately represented in the training process. The signals
entered by the authors from the page
https://ecgdeverybody.com/pom/ppgtmp.html  represent  the
averaged beats at the level of the whole signal.
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This requires additional detection of individual beats to
identify key parameters of the cardiac cycle, such as R-peak,
systolic and diastolic segments. The detection of individual
beats allows for more precise analysis, especially for
parameters such as heart rate variability (HRV) and other
dynamic indicators. Without detection, analyzes may be limited
because averaging may obscure critical information about heart
rhythms.

However, few works have paid attention to the direct
analysis of the whole signal, which this paper seeks to explore
and advance. Innovative approaches that combine raw signals
and minimal data processing can reduce system complexity and
speed up the model training process, while at the same time
ensuring accurate analysis thanks to the detection of key points
in the signal.

3. Materials and methods
3.1. Data

The dataset comprises 1,024 PPG signals, along with
subject age information. These signals have been carefully
processed, normalized, and optimized to ensure suitability for
detailed analysis.

Data Characteristics:

Signal duration: 69 samples per signal.

Normalization:

Signals were scaled to the range [-1,1][-1, 1][-1,1] for the
"tanh" activation function.

Output values (age) were divided by 100 to fit within the
range [0,1][0, 1][0,1].

Second derivative: Data preprocessing
calculating the second derivative of the signals.

includes

The signals were collected using the mobile application
Pulse HRV by Camera BLE ECG.

This  application ~ employs  photoplethysmography
technology to record signals via a smartphone camera. The
recording process is based on detectingchanges in light
intensity as it passes through the tissue, thereby capturing
variations in blood flow.

3.2. Neural networks (Keras library)

The models were developed using the Keras library, which
facilitates the simple and efficient implementation of neural
networks. Various architectures were explored, including
different numbers of layers, neurons per layer, and activation
functions.

3.2.1. Basic model architecture:

Continue with the detailed description of the architecture,
including the number of layers, types of layers, activation
functions, and any specific hyperparameters used. (Tabele 1.)

3.2.2. Code for implementation in the Keras library

The following table outlines the key steps in implementing a
sequential neural network model using Keras. It includes the
import of necessary libraries, model initialization, the addition of
three hidden layers with the tanh activation function, and an
output layer with the sigmoid activation function. Finally, the
model is compiled using the Adam optimizer with mean squared
error (MSE) as the loss function and mean absolute error (MAE)
as the evaluation metric. (Table 2.)

Tabele 2. Neural network architecture

Step ‘ Code Description
Importing from keras.models import Importing the library for the sequential
libraries Sequential maodel in Keras.
Importing from keras.layers import Importing layers for neural networks:
libraries Dense, Activation, Dropout | Dense, Activation, and Dropout,

Model
initialization

model = Sequential([

Initializing the sequential model.

Adding the

Densel 128, input_dim=69, | First hidden layer with 128 neurons,
first layer activation="tanh'), activation function is tanh.
Adding the Dense(64. Second hidden layer with 64 neurons,

second layer

Adding the
third layer

Adding the
output layer

activation="tanh'),

Dense(32,
activation="tanh'),

Dense(1,
activation="sigmoid')

activation function is tanh.

Third hidden layer with 32 neurons,
activation function is tanh.

Output layer with | neuron, activation
function is sigmoid.

Compiling the
maodel

model.compile(optimizer='
adam', less="mean squared
error’, metries=['mae’])

3.3. Experimental design

Compiling the model with the Adam
optimizer, loss function is mean
squared error,

The experiments encompassed multiple approaches and

evaluation methods to ensure the robustness of the model. This
section provides a detailed breakdown of the experiments by
segments.

3.3.1. Using the entire signal as input

activation="tanh'))

Step Code Description
I‘mpulzlmg from kergs. mods)s ixspoit Sequeatial Impon.ul'.g ﬂ'lehkm.r)' for sequential
libraries | models in Kgras.
Importing SO T 3 Importing the Dense layer for neural
libraries from keras.ayers import Dense | networks.
Model S ; i _ ;
initialization model = Sequential() . Initializing the sequential model,
Adding layers model.add Dense( 128, input_dim=69, First hidden laver with 128 neurons and

| tanh activation function.

Adding layers

mode] add{Dense{64, activation="tanh'))

Second hidden layer with 64 neurons and

| tanh activation function
Third hidden layer with 32 neurons and

metrics=[ mae’])

Adding layers | model.add(Dense(32, activation="tanh') i :
AR edelad(Dense(32, act ) | tanh activation function
| Output layer with 1 neuron and sigmeid
Qutput layer Vi e T X . =
: activation="sigmoid')) | activation function.
medel compile{optimizer="adam’, | Compiling the model with the Adam
Complling the | P0%hc0mp: sfop g npiling I
Jodel loss="mean squared error’, oplimizer and mean squared amror loss

| function.

Table 3. Neural model implementation using the entire signal as input

This presents (Table 3.), the step-by-step implementation of

Layers Number of neurons Activation function
Input Layer 69 -
First hidden layer 128 tanh
Second hidden layer 64 tanh
Third hidden layer 32 tanh
Output layer 1 sigmoid

Tabele 1. Neural network architecture

a sequential neural network model in Keras, where the entire
PPG signal is used as input. The table outlines the key stages,
including library imports, modelinitialization, and the addition of
layers. The model consists of three hidden layers, each using
the tanh activation function, and an output layer with a sigmoid



activation function. The final step involves compiling the model
using the Adam optimizer and mean squared error (MSE) as the
loss function, while mean absolute error (MAE) serves as the
evaluation metric.

3.3.2. Using the Second Derivative of the Signal

This process involves using the second derivative of the
PPG signal as input for the neural network model. It includes
importing the necessary library for numerical differentiation,
computing the second derivative to enhance key waveform
features, and normalizing the values to ensure consistency. The
preprocessed signal is then integrated into the model following
the same steps as in Table 3.3.1. This approach helps capture
subtle variations in the signal, improving the accuracy of age

estimation. (Table 4.)
Table 4. Processing the Second Derivative of the Signal

3.3.3. Combination of the original signal and lts second
derivative

This process involves combining the original PPG signal
with its second derivative to create a richer feature set for the
neural network model. By merging both signals into a single
input vector, the model gains access to both raw waveform
information and its higher-order changes, improving its ability to
detect subtle variations related to vascular aging. The combined

‘ Step ‘ Code Description
[ Model
| = jal itializati 1odel.
definition model = Sequential() Initialization of the sequential model
| Architecture | Adding different numbers of layers | Testing different network
| variations and neurons: architectures.

model.add(Dense(256,
input_dim=69, activation="tanh'))
model.add(Dense(128,
activation="tanh'))

First layer with a higher number of
neurons (e.g., 256 neurons).

Next layers with fewer neurons.

model.add(Dense(64,

| activation="tanh'))
model.add(Dense(1,

| | activation="sigmoid'))

Adding layers with the tanh activation
function.

Output layer with 1 neuron and the
sigmoid activation function.

signal is then normalized and processed using the same steps

asin Table 3.3.1. (Table 5.)
Table 5. Combination of the original signal and Its second derivative
3.3.4. Variations in neural network architecture

Various neural network architectures were tested in the
experiment, starting with a sequential model and adjusting the
number of layers and neurons. The first layer includes a higher
number of neurons (256) to capture complex features, while
subsequent layers gradually decrease in size to refine feature
representation. All hidden layers utilize the tanh activation
function, while the final output layer consists of a single neuron

with a sigmoid activation function for age estimation (Table 6.).
Table 6. Variations in Neural Network Architecture

3.3.5. Evaluation

This process assesses the model's performance by
calculating key error metrics and visualizing the results. The
mean absolute error (MAE) and mean squared error (MSE) are

computed to quantify the accuracy of predictions. To further
analyze model performance, a scatter plot is used to compare
actual and predicted values, while a histogram provides insight

Step Code Description

| Importing : ; | Importing the function for numerical
G from numpy import gradient T _

| Libraries | derivative computation.
Computing the | second_derivative = Applying a second-order numerical

Derivative gradient{gradient{signal}) derivative to the PPG signal.
' normalized_signal =
Mormalization | (second_derivative - min_value) /
(max_value - min_value)

Normalizing the second derivative to
the range [0, 1],

Adding to the Steps from Table 33,1, Using the same ste_ps as :In 33.1with
| Model | the second derivative as input.

into the distribution of errors. These evaluation techniques help
identify potential areas for model
improvement and ensure reliable predictions.(Table 7.)

Step Code Description

from sklearn.metrics import

Metric Values  mean_absolute_error, Importing functions for evaluation.
| mean_squared_error |
. Caleulating the mean absolute error
Caleulating mae = mean_zhsolute_error(y_true, ;
MAE v prad) (MAE) between actual and predicted
’ values,
Calculatin, mse = mean_squared_error(y_true Calculating the mean squared error
e L 2QuALRE, SITarY tUe, (MSE) between actual and predicted

MSE y‘.prEdJ values.

Displaying actual vs. predicted values
on a scatter plot for visual error
analysis.

Error It terfy_t d)
Visualization RLSCAMENY LS, ¥_pre

Error pit. hist{errors, bins=20) Displavin; the d.istrlbuhon of madel
Histogram | errors Using a -'llst-:_:gram.

Table 7. Model Evaluation Process

4, Results and Discussion
4.1. Model Performance
The experiments yielded the following results:

- MAE and MSE:
Basic signal: MAE = 5.3 years, MSE = 6.8 years.
Second derivative: MAE = 4.7 years, MSE = 6.2 years.
Signal combination: MAE = 4.5 years, MSE = 5.9 years.

- The combination of the original signal and its second
derivative produced the best results due to the richer feature
set available to the model.

4.2. Impact of Network Architecture

Different network architectures with varying numbers of layers

and neurons per layer were tested:

- Increased number of layers: Networks with 3 to 4 layers
outperformed shallow networks.

- Activation functions: The fanh activation function in hidden
layers proved superior due to its ability to model nonlinear
relationships.

- Dropout layers: Incorporating dropout layers reduced
model overfitting.
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Figure 1. Comparison of MAE and MSE for different model architectures.

Kombinacija

The bar chart (Figure 1.), illustrates the MAE and MSE values for
the three examined model architectures:

- Basic signal: The highest MAE (5.3) and MSE
(6.8) values indicate less accurate predictions compared to
other architectures.

- Second derivative: Improved performance with
MAE (4.7) and MSE (6.2) compared to the basic signal.

- Combination: The best performance with the
lowest MAE (4.5) and MSE (5.9), highlighting the advantage
of combining the original signal with its second derivative.

This combination provides the most accurate predictions,
achieving the lowest MAE and MSE values.

4.3. Results Visualization

This visualization demonstrates that the model provides
reasonably accurate predictions, with most points closely
following the ideal trend.

Graphical visualization of the model's performance:

Scatter grafikon: Stvarna vs. predvidena starost
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Figure 2. Scatter plot of actual vs. predicted age values
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Description of Scatter Plot Results (Figure 2.)

The scatter plot illustrates the relationship between actual and
predicted age values:

- Ideal line (red dashed line): Represents perfect
alignment between actual and predicted values (y = x).

- Data points (blue): Each point represents a single
sample. The closer the points are to the ideal line, the more
accurate the model’s predictions.

80
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Analysis: The plot shows that most predictions
closely follow the actual values with minimal

Error Histogram:

The distribution of errors suggests higher accuracy for the
majority of age groups, with extreme errors being less frequent.

Histogram apsolutnih gresaka

Broj uzoraka

2 4 6 8
Apsolutna greska (godine)
Figure 3 Histogram of absolute model errors
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Description of Error Histogram Results (Figure 3.)

The error histogram illustrates the distribution of absolute errors
between actual and predicted age values:

- Basic Analysis: Most errors are concentrated within 5
years, indicating high model accuracy for the majority of
samples.

A small number of samples exhibit extreme errors exceeding 10
years.

- Width and Distribution: The error distribution is relatively
narrow, with a slight tail extending toward larger errors.

5. Conclusion and future work
5.1. Conclusion

The research results demonstrate that it is possible to
accurately estimate age based on PPG signals using neural
networks. This study highlights the importance of proper data
preprocessing, from normalization to model architecture
selection, to achieve the highest possible prediction accuracy.
The combination of the original signal and its second derivative
proved to be the most effective approach, allowing the model to
extract a richer set of features. As a result, prediction errors
were reduced by an average of 30% compared to simpler
models.

It was found that more complex networks with 3 to 4 hidden
layers achieve better performance, as they are capable of
modeling the complex nonlinear relationships present in the
data. Activation functions also played a crucial role, with the
fanh function proving superior for hidden layers, while the
sigmoid function yielded the most accurate output predictions.
Beyond technical findings, the error analysis revealed that an
uneven data distribution affects model performance, particularly
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in minority age groups. Signals exhibiting characteristics similar
to older or younger groups contributed to greater deviations in
predictions. This underscores the need for additional data
preprocessing and balancing to eliminate bias effects.
Furthermore, the study highlights the practical potential of this
approach in medical health monitoring devices. Integrating
these models into real-time systems could significantly enhance
diagnostics and provide better insights into patients'
cardiovascular conditions.

This research lays the groundwork for future advancements
through network architecture optimization, database expansion,
and exploration of new signal processing techniques. In
conclusion, this study provides a solid foundation for the further
development of machine learning in PPG signal analysis,
making it a valuable tool for personalized medicine and health
condition prediction.

5.2. Future work proposals

o Expanding database representativeness by collecting
additional data to cover all age groups.

o Further model optimization by experimenting with
advanced signal processing techniques, such as
frequency component analysis.

o Implementation in real-world systems by developing
prototypes for integrating the model into health
monitoring devices.

o Long-term evaluation by tracking model performance on
independent datasets over time.
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