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ABSTRACT

Purpose: This paper proposes to improve the method of predicting the age of the subject based on the 
recorded PPG signal.

Design/Methods/Approach: The PPG signal was obtained by the photoplethysmography method. 
The prediction method is based on the concept of a neural network, which uses wavelet transforma-
tion coefficients of the recorded PPG signal for training. The paper uses an RNN (Recurrent Neural 
Network) network, which was designed on five different architecture models. The focus of the work is 
on the comparison of the test results of these five different models and the selection of the model with 
the most acceptable results for further work. These five RNN models differ in the number of hidden 
layers. The first model has one hidden layer, the second has two hidden layers, etc., and the fifth model 
has five hidden layers. A database with 500 recorded PPG signals is used to train the network.

Findings: The results of this paper open the discussion of whether a larger number of hidden layers 
affects the prediction results and to what extent. There is also a discussion about whether to use RNN 
architecture or perhaps CNN (Convolutional Neural Network), which is again the topic of some fu-
ture work in which a comparison of the results of these two architectures should be made.

Originality/Value: The use of wavelet transformation in the analysis of PPG signals can determine 
in a compromise way when certain changes occur in the signal and what their frequency content is. 
The goal of this work is in the domain of development, testing, and addition of software solutions in 
the analysis of PPG signals, application of these solutions in artificial NN modeling and analysis of 
prediction results obtained by this method.

Keywords: photoplethysmography (PPG), wavelet transformation, neural networks, machine learn-
ing, characteristic parameters.
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PURPOSE

This paper will attempt to improve the concept of a neural network, which is used for data prediction 
based on the recorded PPG signal.

The subject of analysis are signals, i.e., biomedical signals obtained by the method of photoplethys-
mography – PPG signals (Hertzman, A., 1938).

Biomedical signals, or biosignals, are spatial, temporal, or spatio-temporal records of a biological phe-
nomenon. Biosignals contain information that is of great importance for understanding the specific 
physiological mechanisms of biological phenomena or the systems from which they originate.

Signals provide important information about the internal state of organs, response to external stimuli, 
general condition, general health, and the state of various other parameters and are an indispensable 
part of modern medical diagnostic practice (Allen, J., & Kyriacou, P., 2021).

A photoelectric transducer placed on the skin measures the volume pulse in the peripheral parts of 
blood vessels (Avolio A., 2002). Corresponding volume pulsations modulate the exposed light beam 
of incoming infrared light, resulting in changes in intensity. They are measured with a phototransistor/
photocell/photoresistor. 

Further processing of the intensity changes in the gain stage leads to a visible image of the pulse curve 
(Allen, J., 2007: 28(3)) (Webster, J. G., 2010) (Allen, J., & Kyriacou, P., 2021). PPG is an easy-to-set-up, 
efficient device compared to other types of plethysmography (Campolo, 2010).

Figure 1: Processing of PPG signals

DESIGN/METHODS/APPROACH

PPG signals obtained by the photoplethysmography method are recorded in the database (URL8). 
The display of the signal obtained by the photoplethysmography method, which was recorded in the 
database, is shown in Figure 2.

Figure 2: Display of the signal obtained by the photoplethysmography method
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The signals placed in the database are further analyzed using the wavelet transformation method, and 
a connection is assumed between the coefficients obtained by the transformation and the parameters 
important for the diagnosis of the so-called characteristic parameters of the PPG signal (Figure 1) 
(Radovanović et al., 2025).

Figure 3: Characteristic parameters of the PPG signal - systolic, diastolic peak and pulse width

Characteristic parameters that define and describe the PPG signal and that influenced the choice of 
wavelet used for transformation (Figure 3) (Radovanović et al., 2025):

Augmentation index – Pressure increase AI is a measure of the impact of the return wave on the sys-
tolic arterial pressure, it is obtained by measuring the reflected wave that goes from the periphery to 
the center.

Pressure increase is obtained using the formula 

						      AI = y/x	  					     (1)

where y is the height of the diastolic and x is the height of the systolic peak during one pulse (Figure 3) 
(Takazawa, K. et al., 1998).

An alternative formula is also sometimes used in the literature 

						      AI = (x-y)/x 						      (2) 
(Rubins, U. et al., 2008).

The PPG signals (Figure 5) used in this work for training the network are transformed signals using 
the wavelet transformation method, which was performed using the wavelet rbio3.3 (Figure 4), which 
was selected as the most optimal for estimating the characteristic parameter AI (Augmentation index) 
(Radovanović et al., 2025).

Figure 4: Wavelet rbio3.3
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Wavelet transformation is often used for the purposes of representing complex signals and extracting 
their important characteristics (Radunović, D. P., 2005; Mallat, S., 1998; Stark, H. G., 2005) (URL1).

This transformation is an important link in the development of various techniques that can be signifi-
cant for specific applications, such as clinical practice in medicine (Radovanović et al., 2025).

This procedure requires the execution of several scripts written in the Python programming envi-
ronment. The scripts will be roughly described in the following text, and the special focus will be on 
the attempt to improve the neural network that would make predictions based on the analyzed PPG 
signal, which is also the topic of this work.

Figure 5: Typical PPG signal

Brief description of the procedure for generating the database used for training the neural network 
(Radovanović et al., 2025):

The recorded PPG signals are located in the database db.xlsx (Figure 2) (URL8).

A script named “excel_to_struct.py” is used to organize the database in which the recorded PPG sig-
nals are stored so that they are suitable for further processing, and the result of running this code is a 
database named “moderated_excel.csv” (Figure 6). Figure 7 shows the drawing of 10 random signals 
from the “moderated_excel.csv” database.

Figure 6: Signals suitable for further processing are located in the database “moderated_excel.csv”
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Figure 7: The drawing of 10 random signals from the “moderated_excel.csv” database

Brief description of the signal processing and analysis procedure (Radovanović et al., 2025):

The recorded PPG signals (Figure 7), which after sorting the database were placed in the database 
named “moderated_excel.csv” (Figure 6), were transformed using the wavelet transformation with 
the help of the code named “wavedec_csv.py”. This code generates a database named “wavelet_trans-
formed_rbio3.3_level_7_db1_500.csv”.

The database “wavelet_transformed_rbio3.3_level_7_db1_500.csv” contains the transformed PPG 
signals used for training the network (Radovanović et al., 2025).

The transformation was performed in the following way:
The wavelet transform of the signal is performed using the Python built-in function wavedec, the in-
verse transform is performed using the Python function waverec.

The PPG signal was transformed by wavelet transformation, the transformation coefficients “0, 1, 4, 5, 
6, 7” were modified i.e., overwritten with 0 (Figure 8), then the inverse transformation of the modified 
signals is performed, so that the reconstructed signal is used for training the network.

For the wavelet transformation in the Python programming environment, a library called PyWavelets 
was used. This library provides a comprehensive set of functions and tools for wavelet analysis and 
wavelet-based signal processing and also enables various wavelet transforms of signals, including dis-
crete (dwt, wavedec), continuous (cwt), and inverse transforms.
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PyWavelets supports a wide range of predefined groups of wavelets, such as Daubechies, Haar, Coiflets, 
Symlets, rbior, and others. Each of these groups of wavelets has different characteristics and provides 
flexibility in choosing the appropriate wavelet function for analysis. PyWavelets provides tools for 
plotting wavelet transforms of signals and wavelet coefficients. Wavelet functions and spectrograms 
can also be plotted (URL2) (URL4) (URL5).

Figure 8: Modification of wavelet transform coefficients

A neural network consists of sets of artificial neurons (often called layers) that process data and per-
form complex tasks such as classification, regression, shape recognition, etc. In Python, neural net-
works (URL6) can be implemented using various libraries such as TensorFlow, Keras, PyTorch, and 
others (URL2).

General procedure for implementing a neural network in the Python programming environment 
(URL2) (URL6) (URL7): 
Installation of libraries needed to work with neural networks.

Preparation and loading of data that will be used for neural network training. The data should be in 
a format suitable for the neural network, for example, strings from the NumPy library or DataFrame 
from the pandas library. 

Defining the network architecture that corresponds to the specific task. This includes the choice of lay-
ers, the number of neurons in each layer, the choice of activation functions, etc. Network implemen-
tation can be done using library functions or by defining a network class intended for a specific task. 

Initialization of network parameters such as weight and bias. Different initialization methods can be 
used, such as random initialization or pre-trained weights. 

Network training can be performed using a forward and back propagation algorithm (e.g., gradient 
descent). It is also necessary to define the loss function that would be minimized during training. The 
network needs to be trained iteratively, adjusting the weights and bias towards optimal values. 

Validation and testing. After the training, with the help of the data set for validation, the network’s 
performance is evaluated. Evaluation metrics such as accuracy, precision, responsiveness, or other 
metrics can be used. Also, the network should be tested on an independent data set to evaluate its 
overall performance.
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Optimization and setting of parameters. If the network does not achieve certain performance, the 
procedure can be repeated with different network parameters, such as the number of layers (topic of 
this work), number of neurons, learning speed, regulation, dropout, etc. Adjusting these parameters 
can improve network performance.

A brief description of the libraries and functions used in the Python programming environment for 
generating and testing neural networks (URL4) (URL5) (URL6):

pandas: Pandas is a library for data manipulation and analysis. It provides data structures such as 
DataFrame (a tabular data format) and Series (a one-dimensional data structure). In this paper, pan-
das is used to load data from a CSV file, manipulate the data, and convert the data into a suitable for-
mat for training a neural network.

numpy: NumPy is a library for numerical operations in Python. It provides efficient data structures 
for working with multidimensional arrays and matrices, as well as a large number of mathematical 
functions for data manipulation. In this paper, NumPy is used to convert data to NumPy arrays and 
perform numerical operations during training and evaluation of a neural network.

sklearn.model_selection.train_test_split: train_test_split is a function from scikit-learn that is used 
to split data into training and testing sets. This function randomly splits the data in a certain ratio be-
tween the training and testing sets. In this paper, train_test_split is used to split the data into training 
and testing input data sets to evaluate the performance of the model.

tensorflow.keras.models.Sequential: Sequential is a class from Keras, which is part of the TensorFlow 
deep learning library. This class is used to create sequential neural network models, where layers are 
added one after the other. In this paper, Sequential is used to define the model architecture.

tensorflow.keras.layers.Dense: Dense is a Keras class that represents a layer with fully connected neu-
rons in a neural network. A layer with fully connected neurons means that all neurons in the previous 
layer are connected to every neuron in the current layer. In this paper, Dense is used to add fully con-
nected layers to the model.

tensorflow.keras.preprocessing.sequence.pad_sequences: pad_sequences is a function from the Keras 
library used to add padding to sequences. This function ensures that all sequences have the same 
length by padding shorter sequences with zeros. In this paper, pad_sequences is used to add padding 
to transformed data sequences.

FINDINGS

In this paper, the neural network concept is based on the RNN (Recurrent Neural Network) ((URL3) 
Goodfellow et al., 2016: 367–415) network, which is designed on five different architecture models. 
Each model represents a network with one, two, three, four, and five layers. The number of layers to 
be tested is the subject of optimization and parameter setting. Each layer has a different number of 
neurons (Table 1).

For validation, metrics from the tensorflow library will be used, which are suitable for regression net-
works and prediction of continuous values (URL9):

MAE (Mean Absolut Error): Calculates the average of the absolute differences between the true

values ( ) and the predicted values ( ). 
					       					     (3)
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MSE (Mean Squared Error): Calculates the average of the squared differences between the true and 
predicted values. 
					     	  				    (4)
The results of the prediction of the neural network represent a type of validation of the method based 
on the wavelet transform.
Tabular representation of the architecture of the five neural network models that will be tested (Table 1):

Table 1: Configuration view of five different tested models

Model Input 
layer

First hidden 
layer

Second 
hidden 

layer

Third hidden 
layer

Fourth 
hidden 

layer

Fifth hidden 
layer

Output 
layer

1 100 30 1
2 64 32 16 1
3 64 32 16 8 1
4 64 32 16 8 4 1
5 128 64 32 16 8 4 1

GENERATING RNN MODELS

The following code shows the generation of an RNN training model. It could be said that training a 
prediction network and testing it on the same data is actually a methodological error: a model that just 
repeated the patterns it was just familiar with would have a perfect score, but it would fail to predict 
anything useful on the data it was unfamiliar with. This situation is “jargonically” called “overfitting”. 
To avoid this, it is common practice when performing (supervised) network training to keep part of 
the available data as a test data set. The following code shows the training of the network, where the 
transformed PPG signal file is used for training:

input file (transformed PPG signals):

csv_waverec_file = wavelet_transformed_rbior3.3_level_7_db1_500.csv’

output generated models for five configurations:

model with one hidden layer:

output_file_1 = ‘../model/model_1_epoch_100_batch_size_8.h5’;

model with two hidden layer: 

output_file_2 = ‘../model/model_2_epoch_100_batch_size_8.h5’;

model with three hidden layer:

output_file_3 = ‘../model/model_3_epoch_100_batch_size_8.h5’;

model with four hidden layer:

output_file_4 = ‘../model/model_4_epoch_100_batch_size_8.h5’;

model with five hidden layer: 	

output_file_5 = ‘../model/model_5_epoch_100_batch_size_8.h5’;



Zlatko Radovanović, Vojkan Nikolić 422

Below is the code in the python programming environment where the models are defined:
import ast
import pandas as pd
import matplotlib.pyplot as plt
from sklearn.model_selection import train_test_split
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense
from tensorflow.keras.utils import pad_sequences
from keras.callbacks import History 
history_1 = History()
history_2 = History()
history_3 = History()
history_4 = History()
history_5 = History()
# load the .csv file 
csv_waverec_file = ‘../csv_wavelet_transformed/wavelet_transformed_rbior3.3_level_7_db_1_500_1.csv’;
df = pd.read_csv(csv_waverec_file);
# Convert ‘Coefficients’ from string to list using ast.literal_eval
df[‘data’] = df[‘data’].apply(lambda x: ast.literal_eval(x) );
sequences = df[‘data’].values;
# padding 
X = pad_sequences( sequences,
          maxlen=2000, 
          padding=’post’ );
y = df[‘age’].values
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.1,random_state=42);
# Model architecture remains the same
model_1 = Sequential()
model_2 = Sequential()
model_3 = Sequential()
model_4 = Sequential()
model_5 = Sequential()

#model_1
# Add the input layer
model_1.add(Dense(100, input_dim=len(X[0]), activation=’tanh’))
# Add the first hidden layer
model_1.add(Dense(30, activation=’sigmoid’))
# Add the output layer
model_1.add(Dense(1, activation=’linear’))
#model_2
# Add the input layer
model_2.add(Dense(64, input_dim=len(X[0]), activation=’tanh’))
# Add the first hidden layer
model_2.add(Dense(32, activation=’sigmoid’))

# Add the second hidden layer
model_2.add(Dense(16, activation=’sigmoid’))
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# Add the output layer
model_2.add(Dense(1, activation=’linear’))
#model_3
# Add the input layer
model_3.add(Dense(64, input_dim=len(X[0]), activation=’tanh’))
# Add the first hidden layer
model_3.add(Dense(32, activation=’sigmoid’))
# Add the second hidden layer
model_3.add(Dense(16, activation=’sigmoid’))
# Add the third hidden layer
model_3.add(Dense(8, activation=’sigmoid’))
# Add the output layer
model_3.add(Dense(1, activation=’linear’))
#model_4
# Add the input layer
model_4.add(Dense(64, input_dim=len(X[0]), activation=’tanh’))
# Add the first hidden layer
model_4.add(Dense(32, activation=’sigmoid’))
# Add the second hidden layer
model_4.add(Dense(16, activation=’sigmoid’))
# Add the third hidden layer
model_4.add(Dense(8, activation=’sigmoid’))
# Add the fourth hidden layer
model_4.add(Dense(4, activation=’sigmoid’))
# Add the output layer
model_4.add(Dense(1, activation=’linear’))
#model_5
# Add the input layer
model_5.add(Dense(128, input_dim=len(X[0]), activation=’tanh’))
# Add the first hidden layer
model_5.add(Dense(64, activation=’sigmoid’))
# Add the second hidden layer
model_5.add(Dense(32, activation=’sigmoid’))
# Add the third hidden layer
model_5.add(Dense(16, activation=’sigmoid’))
# Add the fourth hidden layer
model_5.add(Dense(8, activation=’sigmoid’))
# Add the fifth hidden layer
model_5.add(Dense(4, activation=’sigmoid’))
# Add the output layer
model_5.add(Dense(1, activation=’linear’))
# Model compile
model_1.compile(loss=’mean_squared_error’, optimizer=’adam’, metrics=[‘mae’])
model_2.compile(loss=’mean_squared_error’, optimizer=’adam’, metrics=[‘mae’])
model_3.compile(loss=’mean_squared_error’, optimizer=’adam’, metrics=[‘mae’])
model_4.compile(loss=’mean_squared_error’, optimizer=’adam’, metrics=[‘mae’])
model_5.compile(loss=’mean_squared_error’, optimizer=’adam’, metrics=[‘mae’])
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history_1 = model_1.fit(X_train, y_train, epochs=100, batch_size=8,
            validation_data=(X_test, y_test), callbacks=[history_1] )
loss_1 = model_1.evaluate(X_test, y_test)
print(‘Test loss:’, loss_1)

history_2 = model_2.fit(X_train, y_train, epochs=100, batch_size=8,
            validation_data=(X_test, y_test), callbacks=[history_2] )
loss_2 = model_2.evaluate(X_test, y_test)
print(‘Test loss:’, loss_2)

history_3 = model_3.fit(X_train, y_train, epochs=100, batch_size=8,
            validation_data=(X_test, y_test), callbacks=[history_3] )
loss_3 = model_3.evaluate(X_test, y_test)
print(‘Test loss:’, loss_3)

history_4 = model_4.fit(X_train, y_train, epochs=100, batch_size=8,
            validation_data=(X_test, y_test), callbacks=[history_4] )
loss_4 = model_4.evaluate(X_test, y_test)
print(‘Test loss:’, loss_4)

history_5 = model_5.fit(X_train, y_train, epochs=100, batch_size=8,
            validation_data=(X_test, y_test), callbacks=[history_5] )
loss_5 = model_5.evaluate(X_test, y_test)
print(‘Test loss:’, loss_5)
# Save the model
output_file_1 = ‘../model/model_1_epoch_100_batch_size_8.h5’;
output_file_2 = ‘../model/model_2_epoch_100_batch_size_8.h5’;
output_file_3 = ‘../model/model_3_epoch_100_batch_size_8.h5’;
output_file_4 = ‘../model/model_4_epoch_100_batch_size_8.h5’;
output_file_5 = ‘../model/model_5_epoch_100_batch_size_8.h5’;
model_1.save(output_file_1);
model_2.save(output_file_2);
model_3.save(output_file_3);
model_4.save(output_file_4);
model_5.save(output_file_5);
print (‘model_1 saved to’, output_file_1);
print (‘model_2 saved to’, output_file_2);
print (‘model_3 saved to’, output_file_3);
print (‘model_4 saved to’, output_file_4);
print (‘model_5 saved to’, output_file_5);
plt.close(‘all’)
plt.figure()
plt.plot(history_1.history[‘loss’])
plt.plot(history_2.history[‘loss’])
plt.plot(history_3.history[‘loss’])
plt.plot(history_4.history[‘loss’])
plt.plot(history_5.history[‘loss’])
plt.title(‘model loss’)
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plt.ylabel(‘loss’)
plt.xlabel(‘epoch’)
plt.legend([‘one hidden layer’, ‘two hidden layer’, ‘three hidden layer’,
      ‘four hidden layer’, ‘fife hidden layer’], loc=’upper right’)
plt.show()
plt.figure()
plt.plot(history_1.history[‘mae’])
plt.plot(history_2.history[‘mae’])
plt.plot(history_3.history[‘mae’])
plt.plot(history_4.history[‘mae’])
plt.plot(history_5.history[‘mae’])
plt.title(‘model mae’)
plt.ylabel(‘mae’)
plt.xlabel(‘epoch’)
plt.legend([‘one hidden layer’, ‘two hidden layer’, ‘three hidden layer’, 
      ‘four hidden layer’, ‘fife hidden layer’], loc=’upper right’)

plt.show()

Algorithm 1: The code in the python programming environment where the models are defined

The result of executing this code is generated prediction models in *.h5 format. Graphs were also 
generated that show the ratio of loss and MAE values depending on the number of epochs (Figure 9) 
(Figure 10).

Figure 9: Loss values for five different models
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Figure 10: MAE values for five different models

TESTING RNN MODELS

Python code for predicting the subject’s age based on the PPG signal transformed by wavelet transfor-
mation. Testing the generated model from the previous section will be performed on the PPG signal file:

input file (transformed PPG signals): 

csv_waverec_file = ‘wavelet_transformed_rbior3.3_level_7_db1_500.csv’

output files:

model with one hidden layer:

outputfile_11 = ‘../prediction/prediction_model_1_epoch_100_batch_size_8.csv’

model with two hidden layer: 

outputfile_21 = ‘../prediction/prediction_model_2_epoch_100_batch_size_8.csv’

model with three hidden layer:

outputfile_31 = ‘../prediction/prediction_model_3_epoch_100_batch_size_8.csv’

model with four hidden layer: 

outputfile_41 = ‘../prediction/prediction_model_4_epoch_100_batch_size_8.csv’

model with five hidden layer: 

outputfile_51 = ‘../prediction/prediction_model_5_epoch_100_batch_size_8.csv’

Below is the code in the python programming environment for testing five different prediction models:
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import csv
import pandas as pd
import matplotlib.pyplot as plt
from tensorflow.keras.utils import pad_sequences
from tensorflow.keras.models import load_model
from sklearn.metrics import mean_absolute_error, mean_squared_error

# load the model
model_1 = load_model(‘../model/model_1_epoch_100_batch_size_8.h5’);
model_2 = load_model(‘../model/model_2_epoch_100_batch_size_8.h5’);
model_3 = load_model(‘../model/model_3_epoch_100_batch_size_8.h5’);
model_4 = load_model(‘../model/model_4_epoch_100_batch_size_8.h5’);
model_5 = load_model(‘../model/model_5_epoch_100_batch_size_8.h5’);

# load the .csv file
csv_waverec_file = ‘../csv_wavelet_transformed/wavelet_transformed_rbior3.3_level_7_db_1_500_1.csv’;
input_data = pd.read_csv(csv_waverec_file);

# extract data from the DataFrame
ppg_signals_wt = input_data[‘data’].apply(eval).tolist();
correct_ages = input_data[‘age’].values*100;
data_id = input_data[‘id’].values;
ppg_signals_wt = pad_sequences(ppg_signals_wt, maxlen = 2000, padding = ‘post’);

# predict the age for each PPG signal
ages_predicted_1 = model_1.predict(ppg_signals_wt)*100;
ages_predicted_2 = model_2.predict(ppg_signals_wt)*100;
ages_predicted_3 = model_3.predict(ppg_signals_wt)*100;
ages_predicted_4 = model_4.predict(ppg_signals_wt)*100;
ages_predicted_5 = model_5.predict(ppg_signals_wt)*100;
outputfile_11 = ‘../prediction/prediction_model_1_epoch_100_batch_size_8.csv’
outputfile_21 = ‘../prediction/prediction_model_2_epoch_100_batch_size_8.csv’
outputfile_31 = ‘../prediction/prediction_model_3_epoch_100_batch_size_8.csv’
outputfile_41 = ‘../prediction/prediction_model_4_epoch_100_batch_size_8.csv’
outputfile_51 = ‘../prediction/prediction_model_5_epoch_100_batch_size_8.csv’

def write_prediction (correct_ages, ages_predicted, outputfile, model):
  y_true = []; y_pred = [];
  with open(outputfile, ‘w’, newline =’’) as output_file:
    mae = mean_absolute_error(correct_ages, ages_predicted)
    mse = mean_squared_error(correct_ages, ages_predicted)
    
    writer = csv.writer(output_file);
    writer.writerow([‘data_id’, ‘actual_age’, ‘predicted_age’]); # write header row
          
    for i in range(len(correct_ages)): 
       print(f ”data_id:{(data_id[i])}, Actual Age: {round(correct_ages[i])},
          Predicted Age: {round(ages_predicted[i][0])}”);
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 # write the data to the output csv file
       writer.writerow( [data_id[i], round(correct_ages[i]),
               round(ages_predicted[i][0])] );
       y_true.append(round(correct_ages[i]) ); 
       y_pred.append(round(ages_predicted[i][0]) );   
    
    writer.writerow([‘Mean Absolute Error:’, round(mae)]); 
    writer.writerow([‘Mean Squared Error:’, round(mse)]);
  
  print(f ”Mean Absolute Error: {round(mae)}”)
  print(f ”Mean Squared Error: {round(mse)}”)
  print (‘prediction saved to’, output_file);
  
  fig, ax = plt.subplots(figsize=(10,5))
  plt.title(f ”{model}”)
  ax.plot(range(len(y_true)), y_true, ‘-b’,label=’Actual’)
  ax.plot(range(len(y_pred)), y_pred, ‘-r’, label=’Predicted’)
  ax.legend(loc=”lower right”)
  plt.show()  
  return mae, mse, y_true, y_pred
plt.close(‘all’)
mae_11, mse_11, y_true_1_11, y_pred_1_11 = write_prediction(correct_ages, ages_predicted_1, 			 
	         outputfile_11, ‘model 1 \n one hidden level’) 
mae_21, mse_21, y_true_1_21, y_pred_1_21 = write_prediction(correct_ages, ages_predicted_2, 			 
			   outputfile_21, ‘model 2 \n two hidden level’) 
mae_31, mse_31, y_true_1_31, y_pred_1_31 = write_prediction(correct_ages, ages_predicted_3, 			 
			   outputfile_31, ‘model 3 \n three hidden level’) 
mae_41, mse_41, y_true_1_41, y_pred_1_41 = write_prediction(correct_ages, ages_predicted_4, 			 
			   outputfile_41, ‘model 4 \n four hidden level’) 
mae_51, mse_51, y_true_1_51, y_pred_1_51 = write_prediction(correct_ages, ages_predicted_5, 			 
			   outputfile_51, ‘model 5 \n five hidden level’) 
mae = [mae_11, mae_21, mae_31, mae_41, mae_51];
mse = [mse_11, mse_21, mse_31, mse_41, mse_51];
hidden_layer = [1, 2, 3, 4, 5]
fig, ax = plt.subplots(figsize=(10,5))
ax.plot(hidden_layer, mae, ‘-b’,label=’MAE’)
ax.plot(hidden_layer, mse, ‘-r’, label=’MSE’)
ax.legend(loc=”upper right”)
plt.show()

Algorithm 2: The code in the python programming environment for testing five different 
prediction models

As a result of executing this code, a table of MAE and MSE values ​​is generated for each defined model 
(Table 2). A graphic representation of the dependence of the number of hidden layers and the values ​​of 
MAE and MSE is shown in Figure 16. Five graphs are also generated where the current value and pre-
diction are shown for each defined model (Figure 11) (Figure 12) (Figure 13) (Figure 14) (Figure 15).
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Table 2: MAE and MSE testing results for five different models

MODEL MAE MSE

1 3 36

2 4 44

3 4 41

4 5 54

5 3 33

Figure 11: Display of actual values and predictions for a model with one hidden layer

Figure 12: Display of actual values and predictions for a model with two hidden layers
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Figure 13: Display of actual values and predictions for a model with three hidden layers

Figure 14: Display of actual values and predictions for a model with four hidden layers

Figure 15: Display of actual values and predictions for a model with five hidden layers
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Figure 16: Display of MAE and MSE values in relation to the number of hidden layers

ORIGINALITY/VALUE

This paper presents the concept of an RNN network for prediction based on the recorded PPG signal. 
The PPG signal was transformed by wavelet transform. The network concept is set on five models, 
where each model has one layer more than the previous one.

In this way, the performance of the network was tested depending on the number of hidden layers. 
It is important to note that for regression prediction of continuous PPG signal values, it is necessary 
to adequately prepare the data, properly define the network architecture, train the network on a large 
data set, and regularly monitor and adjust the model parameters in order to achieve the best possible 
performance (URL2).

From the testing performed in this paper and based on the generated graphs and tabular displays, it 
can be concluded that the model with five hidden layers is more accurate than the other models. The 
topic of further work is testing with a larger data set.

If the graphic analyzed in figures 9, 10, and 16 is considered, a conclusion can be reached that the 
model with a larger number of hidden layers is more accurate at a smaller number of epochs and that 
the precision equalizes as the number of epochs increases. If the graphic is analyzed in figure 11, 12, 
13, 14, and 15, it can be concluded that the actual value and the prediction have the most overlap in 
models with a larger number of hidden layers.

A discussion is opened for further work and testing on whether to increase the number of epochs or the 
number of hidden layers, training the network on a diverse and representative data set, which is very 
important for analyzing PPG signals, testing and setting up the CNN (Convolutional Neural Network) 
network for analyzing and classifying PPG signals, and comparing CNN results with RNN results.
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