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ABSTRACT 
Cardiovascular diseases (CVDs) remain the leading cause of morbidity worldwide. The heart sound signal or 
phonocardiogram (PCG) is the most simple, low-cost, and effective tool to assist physicians in diagnosing CVDs. 
Advances in signal processing and machine learning have motivated the design of computer-aided systems for heart 
illness detection based only on the PCG. The objective of this work is to compare the effects of using spectral and 
sparse features for a classification scheme to detect the presence/absence of a pathological state in a heart sound 
signal, more specifically, sparse representations using Matching Pursuit with multiscale Gabor time-frequency 
dictionaries, linear prediction coding, and Mel-frequency cepstral coefficients. This work compares the performance 
of PCGs classification applying features as a result of averaging the samples or the features for each PCG sound event 
when feeding a random forest (RF) classifier. For data balancing, random under-sampling and synthetic minority 
oversampling (SMOTE) methods were applied. Furthermore, we compare the Correlation Feature Selection (CFS) and 
Information Gain (IG) for the dimensionality reduction. The findings show a SE=93.17 %, SP=84.32 % and ACC=85.9 
% when joining MP+LPC+MFCC features set with an AUC=0.969 showing that these features are promising to be used 
in heart sounds anomaly detection schemes.

KEYWORDS: classification, heart sounds, matching pursuit, spectral features, time-frequency representation
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RESUMEN 
Las enfermedades cardiovasculares (ECVs) han persistido como la principal causa de mortalidad en el mundo. 
La señal de audio cardiaco o fonocardiograma (FCG) es la herramienta más simple, efectiva y de bajo costo para 
auxiliar a especialistas diagnosticando ECVs. Los avances en el procesamiento de señales y aprendizaje máquina 
han motivado el diseño de auscultación y detección computarizada. El objetivo de este trabajo es comparar el uso 
de características espectrales y dispersas para un sistema de clasificación que detecte la presencia/ausencia de una 
patología en un audio cardiaco mediante representaciones dispersas usando Matching Pursuit con diccionarios de 
Gabor tiempo-frequencia, predicción lineal y coeficientes cepstrales Mel. Se crearon 5 conjuntos de características 
como resultado de combinar las características para cada FCG y se examinó su desempeño usando un clasificador 
de bosque aleatorio (RF). Se aplicaron métodos de balanceo de muestras basados en sobremuestreo (SMOTE) y 
submuestreo aleatorio. Se compararon métodos de selección de características por correlación (CFS) y ganancia de 
información (IG) para reducir la dimensionalidad del conjunto. Los resultados muestran métricas de SE=93.17 %, 
SP=84.32 % y ACC=85.9 % al juntar los parámetros MP+LPC+MFCC además de una AUC=0.969. El trabajo muestra 
el potencial de las características espectrales y escasas para la detección de patologías en señales de audio cardiaco.

PALABRAS CLAVE: características espectrales, clasificación, matching pursuit, representación tiempo-frecuencia, sonidos 
cardiacos
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INTRODUCTION

FIGURE 1. Top: time waveform and spectrogram of a normal 
PCG signal. Bottom: time waveform and spectrogram of an 

abnormal (pathological) PCG signal.

Heart diseases remain the leading cause of death 
worldwide, according to a report from the World Health 
Organization [1]. An effective method that leads to the 
primary diagnosis of heart illness is automatic abnor-
mal heart sound detection, which aims to identify the 
presence of a cardiac malfunction. This area has raised 
interest among researchers with the introduction of 
electronic stethoscopes and the advances in signal pro-
cessing. In general, the methods for diagnosing patho-
logical states of heart sounds consist of two stages: 
firstly, the feature extraction process to obtain the 
most representative parameters of cardiac sound, and 
secondly, the classification, which predicts the patient's 
condition from the patterns found in the extracted fea-
tures. In healthy individuals (adults), the heart sound 
signal, also known as phonocardiogram (PCG), com-
prises two main components called fundamental heart 
sounds (FHS), which are denoted as s1 and s2. Usually, a 
typical time duration and low-frequency spectral con-
tent characterize each FHS. For instance, the s1 compo-
nents dominate the region from 10 Hz to 140 Hz, while 
the s2 components usually concentrate their energy 
around the 10 Hz to 200 Hz band [2]. 

In pathological conditions, sounds named murmurs 
appear. Murmurs are sounds stemming from a turbu-
lent blood flow due to a valve malfunction or an 
obstruction, denoting a pathological or abnormal state. 
The energy distribution of murmurs in frequency var-
ies widely and, depending on their nature, can go 
above 800 Hz. Unfortunately, the frequency content of 
murmurs can overlap with the distribution of s1 and s2, 
and thus, the correct identification of the sound is a 
difficult task that requires sophisticated methods to 
determine the type of sound. Figure 1 illustrates the 
waveform and the time-frequency content representa-
tive spectrogram of a PCG cardiac cycle in both normal 
and pathological states.

Review of PGCs classification schemes

A thorough review of existing methods to classify 
heart sounds is out of the scope of this work. However, 
the 2016 PhysioNet/Computing in Cardiology Challenge 
(CinC) [3] and the release of one of the more extensive 
public databases of PCG recordings are a milestone in 
the field. To provide a literature review for PCGs classi-
fication algorithms, we can organize them into two 
main categories according to a) the feature extraction 
methods and b) the classification schemes used by 
each research paper.

For the first category, the feature extraction methods 
aim to represent the cardiac sound signals in different 
domains (time, frequency, and joint time-frequency, 
mainly), revealing the main physiological and patho-
logical PCG attributes to allow an effective feature 
extraction. Since the PCG signal is quasi-stationary, the 
features provided would be able to capture concurrent 
variations and the structural components in time, fre-
quency, and joint time-frequency domains. For these 
reasons, selecting an adequate feature extraction 
method is crucial for classifying heart sound signals. 
For instance, in the time-frequency domain represen-
tation of the PCG, researchers have chosen the short-
time Fourier Transform (STFT) [4][5][6], Wigner-Ville dis-
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tributions [7][8], the empirical [9], discrete [10], and contin-
uous Wavelet transform [11][12][13][14]. Among other fre-
quency domain features utilized for PCGs classifica-
tion, the Mel-Frequency Cepstral Coefficients (MFCCs) 
have been widely used as classification input features 
[15][16][17][18][19][20][21] since these parameters are the most 
popular to characterize the envelope information for 
audio signals successfully. The Linear Predictive 
Coefficients (LPCs) [22] have also been used to capture 
PCG signal spectrum patterns. The second category 
comprises the selection of a classification scheme 
which is essential since it is the final step of a PCGs 
murmur detection algorithm. The classifier takes the 
extracted features and interprets them by extracting 
and recognizing the functional patterns to efficiently 
represent the murmurs associated with diseases of a 
PCG signal. In the state-of-the-art, the reported classi-
fication schemes used are Support Vector Machines [8]

[16][23][24][25][26][27][28][29], k-Nearest Neighbors [16][30][31][32][33]

[34], and Random Forests techniques [14][35][36][37], in terms 
of conventional Machine Learning techniques. On the 
other hand, reported Deep learning-based methods for 
PCGs classification are comprised of ensembles of neu-
ral networks [15][17][38][39][40], convolutional neural net-
works (CNN) [6][13][21][41][42][43][44][45][46], long short-term 
memory networks (LSTM) [47][48][49], and recurrent neu-
ral networks (RNN) [50]. Although deep learning has 
emerged as a powerful approach that has shown prom-
ising advances in PCGs classification, there are still 
limitations due to the lack of data, carrying out train-
ing inefficiency, and insufficiently robust models [51][52]

[53]. Deep learning algorithms require significantly 
more computational resources and may not be feasible 
for machines with embedded or limited hardware 
capabilities. Deep learning algorithms might also pres-
ent a limitation called the exploding and vanishing 
gradient descent problem, which causes the classifica-
tion error rate to increase after attaining a minimum 
value. This deficiency is also known to cause model 
overfitting. Another limitation of deep learning is the 
lack of interpretability of the features to the point 
where it is impossible to discern what they are and 

have no physical meaning. While that may be a reason-
able price for the theoretical performance gain in some 
applications, we consider it vital to understand the 
physiological phenomena in PCG analysis.

This work aims to leverage sparse representations to 
classify heart sounds. More specifically, Matching 
Pursuit (MP) coefficients combined with LPCs and 
MFCCs as features feed our proposed high-perfor-
mance scheme that detects PCG abnormalities. We 
selected the Random Forest classifier as a classification 
algorithm due to its simplicity, low computational 
requirements, and excellent performance. The RF clas-
sifier is still used among researchers to detect patho-
logical states from heart sounds. However, it is note-
worthy that deep learning algorithms have signifi-
cantly improved in recent years and are now the 
default go-to choice for many problems, especially in 
computer vision and natural language processing 
fields. 

On the other hand, we used the Synthetic Minority 
Oversampling technique (SMOTE) to address the prob-
lem of unbalancing during the classification by creat-
ing synthetic samples for the minority class (abnormal 
or pathological PCG sound signals). The classification 
scheme's performance has been analyzed when the 
inputs are noisy PCG recordings. Finally, the work com-
pared the performance of two feature selection tech-
niques.

This paper presents our study's methodology, results, 
and conclusions, which aim to investigate the effec-
tiveness of using sparse and spectral features for PCG 
signal classification. The methodology section 
describes the methods we used to conduct our experi-
ments, including the selection of datasets, the choice 
of algorithms, and the evaluation metrics. The results 
section presents the findings of our investigations, 
including the performance of different algorithms and 
their comparison. Finally, in the conclusion section, we 
summarize our study's key insights and implications, 
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and the limitations and future research directions. 

MATERIALS AND METHODS
The main goal of this research is to evaluate the clas-

sification performance of different sets of features as 
input parameters of a classifier to accurately detect 
pathological states in PCG signals.  The Physionet/CinC 
2016 is the largest database of PCG signals publicly 
available to the scientific community [54] in order to 
evaluate algorithms to segment and classify PCGs. It 
comprises the merge of six different research groups of 
recordings from subjects under normal and various 
pathological cardiac conditions. Specifically, the data-
base includes 3,153 sounds recorded with a 2,000 Hz 
sampling frequency. Moreover, 2,488 samples come 
from cardiac sounds of subjects under normal condi-
tions, while 665 represent an abnormal category. 

In this paper, we conducted the methodology shown 
in the block diagram of Figure 2. For the preprocessing 
stage, the PCG signals were band-pass filtered between 
25-600 Hz using a sixth-order Butterworth filter; then, 
we applied a normalization procedure in amplitude, 
which consists of dividing the recording samples by 
the maximum value. The second stage comprises the 
extraction of FHS, since for these events in the follow-
ing step, different features will be extracted. The fea-
ture selection stage consists of reducing the number of 
features in order to know which of them are the most 
relevant and have the most information. Finally, in the 
training stage, we feed a classifier algorithm using the 
different sets of features to evaluate the classification 
performance of each one of them.

Matching Pursuit

The Matching Pursuit algorithm (MP), proposed by 
Mallat [55], is a greedy and iterative method that com-
putes a sparse representation of a signal s as a linear 
combination of Ma elementary waveforms called atoms 
with minimal error. Each atom ĝm belongs to a redun-
dant set of all possible predefined signals called dictio-
nary D. MP selects the best-correlated atom ĝm itera-
tively to provide a sparse decomposition in the follow-
ing way:

FIGURE 2. Block diagram to describe the sequence of 
methods to conduct the experiment of this paper.

𝒔𝒔 = # α! ⋅ 𝒈𝒈'! + 𝒓𝒓
"!

!#$

, (1) (1)

(2)

the atom that MP chooses at each iteration is the one 
that best matches the local signal structure of s by cal-
culating the maximum inner product between the sig-
nal and the dictionary: 

𝒈𝒈"! = argmax𝐠𝐠#!∈𝑫𝑫|〈𝒓𝒓, 𝒈𝒈"!〉| , (2) 

the weighting factor αm is a scalar that comes from the 
value of the inner product at each iteration: 
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α! = 〈𝒓𝒓, 𝒈𝒈'!〉, (3) (3)

(4)

(5)

r is a signal called the residual term. It comes from the 
difference between the signal and the weighted-se-
lected atom: 

𝒓𝒓 = 𝒓𝒓 − 𝛼𝛼! ⋅ 𝒈𝒈'!, (4) 

notice that at the beginning of the algorithm r=s. MP is 
called a greedy method to reconstruct sparse signals 
because it stops until a desired number of iterations (or 
atoms) Ma or the ratio between the original signal 
energy and the residual has been reached. The dictio-
nary selection is a crucial step for the MP decomposi-
tion into atoms. The dictionaries of Gabor functions 
have been widely used for the reconstruction of PCG 
signals due to the accurate signal representation in the 
time-frequency domain [56][57][58][59][60][61]; nonetheless, 
Gabor atoms are well-concentrated waveforms in both 
time and frequency. In this work, we use as a dictio-
nary a set of predefined multiscale functions, which is 
a collection D=UJ

j=1Dj of blocks Dj of time-frequency 
atoms at different scales. A Gabor atom in a multiscale 
dictionary is a waveform defined by the modulation, 
dilation, translation, and sampling of a continuous 
window wj(t) as:

𝒈𝒈!,#,$(𝑚𝑚) = 𝑤𝑤!'𝑚𝑚𝑇𝑇% − 𝑛𝑛𝑇𝑇!+	exp 0
2𝑖𝑖𝑖𝑖𝑖𝑖𝑚𝑚𝑇𝑇%

𝐾𝐾!
6	for 1 ≤ 𝑚𝑚 ≤ 𝑀𝑀 , (5) 

where the time location or window shift is defined as 
nTj, the window length or scale L_j and is modulated at 
a frequency k/K_j , where K_j is a predefined number of 
possible frequencies (according to the FFT size), T_s is 
the sampling period, and M the number of samples. 
Figure 3 shows the time waveform of a Gabor atom, 
which can be seen as a cosine-modulated Gaussian 
window. At the right panel, a couple of waveforms 
illustrate the effect of changing the modulation fre-
quency.after the frequency of the signal has been 
warped into the Mel scale, each Cn MFCC coefficient is 
calculated as follows:

FIGURE 3. Time waveform of a Gabor atom and its defined 
parameters. In the right panel, the waveforms illustrate the 

effect of changing the frequency parameter k/Kj.

Linear Predictive Coding

As seen in equation (1), MP decomposes a signal in 
two main parts, a linear combination of Gabor atoms 
and a residual. The residual term r is expected to be 
lowly correlated with the selected dictionary atoms. 
Thus, it must be expressed differently to be integrated 
as a feature representing the PCG signal. For this rea-
son, instead of reconstructing the temporal waveform, 
we propose to represent r using the Linear Predictive 
Coding technique [62], which approximates the signal's 
spectrum rather than the time domain waveform. The 
LPC representation is an all-pole filter where the resid-
ual r can be predicted as a linear combination of the 
previous samples:

𝒓𝒓! = −$ℎ"

#

"$%

𝒓𝒓!&" + 𝒆𝒆!, (2) (6)

where n=0,...,N-1, en is the final residual, and p is the 
filter order. Filter coefficients hi are added to the fea-
tures set. Published works in the literature review have 
used the LPC coefficients as features for the automated 
detection of heart murmurs in PCG signals [22].

Mel-Frequency Cepstral Coefficients 
(MFCCs)

The Mel-Frecuency Cepstral coefficients (MFCCs) are 
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the predominant features used for speech recognition 
[63], because they provide a compact and smooth repre-
sentation of the magnitude spectrum. MFCCs are based 
on the human hearing physiological structure since the 
human perception of the frequency content of sounds 
does not follow a linear scale. Thus, having a signal 
with a fundamental frequency f and an estimated pitch 
should be measured on a ranking called the Mel Scale. 
The MFCC coefficients are calculated by taking the dis-
crete cosine transform of a logarithmic spectrum after 
it was warped to the Mel scale as follows:

(8)

after the frequency of the signal has been warped into 
the Mel scale, each Cn MFCC coefficient is calculated as 
follows: 

𝐶𝐶! = # 𝐷𝐷"	
#!

"$%

𝑐𝑐𝑐𝑐𝑐𝑐 )𝑛𝑛 )
𝑚𝑚 − 0.5
𝑀𝑀&

1 𝜋𝜋1 , (4) 

Reported research frameworks have used MFCCs as 
features for PCGs classification [15][16][17][18][19][20][21], since 
they provide meaningful representations in the spec-
tral envelope rather than time features.

Random Forest Classifier

The random forest classifier (RF) comes from combin-
ing two or more decision tree classifiers. Each classifier 
uses a random vector sampled independently from the 
input vector and casts a unit vote for the most popular 
class. The features used are randomly selected to grow 
a tree. RF uses a bagging method to randomly replace 
the N examples of the original training set [64].

Let Θ be a random vector that chooses a random sub-
set x from the training set X. Let NT be the number of 
decision trees; each one has an additional parameter Θt 
and the ensemble of trees consists of the set {f1(x,Θ1 ),f2 
(x,Θ2),...,fNT(x,ΘNT)}. The RF algorithm attempts to 
reduce the variance of the model by averaging many 
trees estimates as follows: 

FIGURE 4. Triangular Mel Filter bank to extract MFCC 
coefficients used in this work. The frequency is shown at 
the top in the Mel Frequency and at the bottom in Hertz, 

respectively.

(7)Mel(𝑓𝑓) = 2595 ⋅ log!" .1 +
𝑓𝑓
7003,														(3) 

where Dm is the output of the k-th triangular filter bank 
channel and Mc is the number of filter bank channels. 
In our implementation, we use Mc=14 to cover the 
range from 20 Hz to 900 Hz. Figure 4 shows the repre-
sentation in the frequency domain (Hz and Mel scale) 
of the triangular filter bank used for the MFCC coeffi-
cients extraction.

𝒻𝒻!"(𝑥𝑥) =
1
𝑁𝑁#

(𝛼𝛼$

%!

$&'

𝒻𝒻$(𝒙𝒙, Θ$), (5) (9)

Where αt represents an associated weight. Because of 
its simplicity and promising results, the RF classifier 
has been widely used for PCG signals classification [14]

[65][66][67][68][69]. It is still a valuable method to detect heart 
murmurs accurately. For the experiments conducted in 
this research, we choose as hyperparameters a number 
of estimators Ne=100, and the Gini criterion to measure 
the quality of the splits.

The Synthetic minority oversampling tech-
nique (SMOTE)

Most PCG datasets around the reported research 
works contain more recordings from healthy people 
(commonly labeled as normal sounds) than people with 
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a heart pathology (commonly labeled as abnormal 
sounds). The training stage will be affected due to this 
unbalancing between class samples, causing overfit-
ting and highly biased results. The Synthetic minority 
oversampling technique is an algorithm that addresses 
the unbalancing problem by creating synthetic sam-
ples of the minority class. These synthetic samples are 
generated over the feature space rather than the data 
space. Each minority sample is created by taking the 
difference between the feature vector (input sample) 
and its nearest neighbor. The difference is then multi-
plied by a random number between 0 and 1 and added 
to the feature vector under consideration. The SMOTE 
approach effectively forces the decision region of the 
minority class to be more general, causing a better per-
formance in a classification that uses decision trees. It 
has been shown that SMOTE technique performs bet-
ter in accuracy than under-sampling methods [70].

Feature extraction

We have previously evaluated several time-frequency 
dictionaries to decompose the PCG, showing that Gabor 
wavelets accurately represent this signal [71]. For the 
experiments conducted in this research, the selected 
number of atoms was Ma=15 in order to reach almost 99 
% of the energy to reconstruct a PCG cycle. For the LPC 
analysis, the number of coefficients was p=15. For the 
MFCCs, we followed the suggestion proposed by some 
methods in the context of the Physionet Challenge [15][17]

[38], setting the number of coefficients as Mc=14. Figure 
5 provides a block diagram which describes the feature 
sets used in our experiments. We generated five fea-
ture sets labeled as follows by combining the MP, 
MFCC, and LPC approaches. Set A contains 90 features 
(i.e., columns of A data frame are 90) by merging the 
MP+LPC parameters, while set B contains the same 
extracted features as set A; however, they are extracted 
after performing cycle averaging. Set C consists of 146 
features after combining MP+MFCC+LPC, set D con-
tains 131 features after joining MP+MFCC. Set E con-
tains 56 features by considering only MFCC. The proce-

dure of feature extraction was conducted in MATLAB 
©. 

FIGURE 5. Block diagram of feature sets used in this work. In 
the first stage, we extracted M_a=15 atoms, with five 

parameters per atom yielding a total of 75 MP features. 
Using M_c=14 for each of the four states in the PCG cycle 

yields a total of 56 MFCC features. We defined p=15 as the 
number of LPC features.

Processing of the low-quality recordings

The database described at the beginning of this sec-
tion comes from the Physionet/CinC 2016 challenge. 
Data includes the PCG recordings, the FHS time seg-
mentation boundaries, a label indicating the patholog-
ical condition (normal/abnormal), and a quality refer-
ence of the PCG signal. According to the noise level in 
the sound samples, the database is divided into High-
Quality Recordings (HQR) and Low-Quality Recordings 
(LQR). Due to their highly noisy condition, there are 
279 signals labeled as LQR, and their FHS time seg-
mentation boundaries are not provided. Since most of 
the features are calculated per cardiac cycle, in the case 
of LQR the computation of the features was conducted 
by splitting the PCG in segments of Tμ + σT=1.15 s, 
where Tμ is the average cardiac cycle duration for the 
recordings labeled as abnormal and σT is the respective 
standard deviation. However, to compute the MFCCs 
each PCG segment was sliced into 4 windows according 
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to the average duration of the FHS [2].

RF classifier settings

We changed the number of estimators for the RF 
method to 100, as recommended in the presence of 
unbalanced datasets [72][73]. Specific details and param-
eter settings used during the evaluation are provided 
in previous work [74], where the RF classifier outper-
formed the others. This evaluation and all the classifi-
cation tests were conducted using the scikit-learn tool-
box under Python [75]. The experiments presented in 
this paper were conducted on a workstation with an 
Intel i7-9750H processor (2.60 GHz) and NVIDIA GPU 
GTX 1660Ti.  

The confusion matrix is a well-known method used to 
evaluate the performance of ML classification schemes. 
In our case, for a binary class problem (having normal 
and abnormal labels), the confusion matrix has four 
values:

-True positives (TP): number of correctly identi-
fied PCGs with a pathological condition.

-True negatives (TN): number of correctly clas-
sified PCGs that do not have a pathology.

-False positives (FP): number of PCG signals 
labeled as abnormal but classified as normal.

-False positives (FN): number of PCG signals 
labeled as normal but classified as abnormal.

For the experiments conducted in this research, we 
considered these quantities in order to calculate the 
following classification metrics:

(11)

(12)
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Nonetheless, to evaluate the classifier performance in 
terms of adding more data to the training set, we calcu-
late learning curves using a size from 0 to 2500. We 
only made that computing from feature set C, since it 
has all types of parameters extracted. Figure 6 illus-
trates such a calculation. 

(10)

(13)

FIGURE 6. Learning curves generated to evaluate the 
performance of classification by RF and all parameters 

extracted (Feature set C).

RESULTS AND DISCUSSION

Under-sampling vs. oversampling

Since we have an unbalanced set of samples (78.9 % 
labeled as normal while 21.1 % as abnormal) it was 
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TABLE 1. Results from the PCG sounds classification after 
splitting the recordings in High Quality (HQR) and Low 

Quality (LQR) labels.

necessary to implement a strategy to equalize the 
number of samples (rows of a data frame) for each class 
(i.e., to have the same number of samples labeled as 
normal or abnormal in each data frame). Most of the 
algorithms tackle this issue by randomly under-sam-
pling the majority class; however, the main drawback 
of this technique is that potentially useful information 
contained in the ignored samples is neglected. We 
address the unbalanced classes problem by adopting 
two strategies: dropping entities of the majority class 
and oversampling of the minority class using SMOTE 
[70]. In heart sound classification, obtaining new record-
ings labeled as abnormal is not a simple task (there will 
always be more healthy people). SMOTE allows us to 
use the already acquired data and create "new" samples 
in the feature space as if it were possible to access more 
pathological heart sounds. Table 1, section I shows the 
classification scores when using the input features 
from data frames A-E and comparing the abovemen-
tioned balancing techniques. When oversampling is 
applied, the SP, ACC, and MCC all increased, while SE 
has decreased.

Effects of signal quality on performance

We analyzed the influence of signal quality in the 
algorithm performance. According to the noise condi-
tion labels mentioned in the low-quality recordings 
subsection, we evaluated the signals tagged as HQR 
(2,874) and LQR (279) separately. The oversampling 
and under-sampling balancing procedures were also 
considered. Table 1 also presents the results for the 
HQR and LQR, respectively. As expected, the scores are 
generally higher for the HQR compared to the highly 
noisy recordings. A more detailed analysis of the results 
is provided in the following section.

Training time evaluation

To assess the practicality and efficiency of the pro-
posed schemes, we evaluated the training time of the 
algorithm. The results are shown in Figure 7; it can be 
seen that for 2,500 features in the training set, the com-
putation time is below 4 seconds. This result is unsur-
prising since the amount of data is relatively small to 
use more sophisticated and computationally expensive 
classification algorithms, such as Deep Learning meth-
ods.

 
Dataset Balancing SE SP ACC MCC Section 

A 

undersampling 

88.06 79.03 81.3 0.61 

I: 
HQR+LQR 

B 74.22 70.13 71.16 0.4 
C 93.72 83.27 85.9 0.7 
D 94.34 82 84.32 0.67 
E 91.2 84.12 86.69 0.72 
A 

oversampling 

71.07 94.07 88.28 0.68 
B 27.05 95.56 78.29 0.33 
C 81.14 95.98 92.24 0.8 
D 79.25 95.56 91.45 0.77 
E 77.99 92.59 88.91 0.71 
A 

undersampling 

76.99 82.47 81.39 0.52 

II: HQR 

B 65.49 72.51 71.13 0.32 
C 87.61 82.25 83.3 0.6 
D 61.95 92.86 86.78 0.57 
E 87.61 82.25 83.3 0.6 
A 

oversampling 

61.95 92.86 86.78 0.57 
B 28.32 95.89 82.61 0.34 
C 76.11 93.94 90.43 0.7 
D 78.76 94.16 91.13 0.72 
E 78.76 91.13 88.7 0.66 
A 

undersampling 

70 69.44 69.64 0.38 

III: LQR 

B 60 58.33 58.93 0.18 
C 80 86.11 83.93 0.65 
D 80 86.11 83.93 0.65 
E 85 75 78.57 0.58 
A 

oversampling 

55 75 67.86 0.3 
B 45 83.33 69.94 0.31 
C 75 94.44 87.5 0.72 
D 75 91.67 85.71 0.68 
E 70 83.33 78.57 0.53 

FIGURE 7. Time to fit/train the proposed algorithm and score 
or evaluate new instances. Results are shown for set C, 

since it contains the highest number of features.
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Feature selection

In order to keep the best parameters for classification 
and reduce overfitting and computational complexity 
in the proposed classification scheme, we implemented 
feature selection. There are features or variables in our 
data that are the most relevant, i.e., those that contrib-
ute the most to the output prediction. In the present 
work, we applied the Correlation Feature Selection 
(CFS) [76] and Information Gain (IG) methods [77] for this 
task. The reduced subset was constructed for the IG 
method, neglecting features that provided a null infor-
mation gain (zero). Table 2 shows the feature selection 
results, presenting the number of features before and 
after. The CFS method works significantly better 
regarding dimensionality reduction, keeping only 
between 12 and 30 features, while IG varies between 
50 and 116 attributes. 

TABLE 2. Number of features in the datasets A-E originally 
produced, then number of reduced features after applying 

CFS and IG feature selection.

This section presents the classification performance 
evaluation when using feature selection by comparing 
the Receiver Operating Characteristics (ROC) curves 
and the calculation of the Area Under the Curve (AUC) 
for each feature set. Figure 8 shows the ROC curves for 
feature sets A-E. In this case, features set D exhibits the 
best performance since it has an AUC=0.97, the highest 
score obtained. However, set C is relatively close, show-
ing AUC=0.969. This result suggests improving classifi-
cation performance when adding MP and LPC parame-

ters rather than only using MFCC or MP+LPC features. 
For cycle averaging, set B got the worst AUC score 
(0.79). 

Set Original Reduced CFS Reduced IG 

A 90 22 66 

B 90 20 65 

C 146 30 116 

D 131 22 101 

E 56 12 50 

 

In another experiment, the ROC curves and AUC cal-
culation was conducted when applying the CFS feature 
selection algorithm for each feature set, see Figure 9. 
There is an improvement in ACU scores since this met-
ric increases for all feature sets. However, features set E 
now shows the best performance with an AUC=0.967. 
Feature sets C and D present a close AUC score of 0.961 
and 0.967, respectively. On the other hand, although 
there is an increase from 0.76 to 0.867 for the AUC score 
of set B it is still the lowest obtained.  

FIGURE 8. ROC curves and AUC for feature sets A-D without 
feature selection.

FIGURE 9. ROC curves and AUC for feature sets A-D after 
applying Correlation Feature Selection (CFS).
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FIGURE 10. ROC curves and AUC for feature sets A-D after 
applying Information Gain Feature Selection (IG).

Finally, the same experiment was conducted but 
now using the features selected by the IG algorithm. 
Figure 10 shows the result. There is an improvement 
compared with results shown in Figure 9, when using 
CFS. However, feature sets C and D now show the best 
AUC score of 0.971, while in set D the AUC score is 
close (0.969). Set B is still presenting the worst ACU 
score (0.971).

Discussion

This work aimed to compare different feature 
extraction schemes based on spectral and sparse rep-
resentations for the automated classification of heart 
sounds. A low-cost system with accurate automatic 
analysis could prove very useful in assisting early 
diagnosis and improving the prognosis of patients 
with cardiovascular diseases. The Physionet/CinC 
2016 Challenge provides the research community 
with the largest open database of annotated heart 
sounds; the research presented in this paper employed 
this dataset. An algorithm performance comparison 
with a universally standardized database contributes 
to promoting advances in the field of automated heart 
sound analysis. Our key objective is to evaluate the 
performance of different feature extraction, balanc-
ing, and feature selection techniques that can be rele-
vant for effectively detecting heart murmurs. After 
thoroughly examining various classification schemes, 

we selected the RF method for its simplicity and high 
performance [69]. The main reason to use MP+LPC as 
features stems from the heart sound reconstruction 
model we have previously proposed [71]. This sparse 
time-frequency model accurately represents the 
non-stationary behavior of the FHS and murmurs. 
The de facto standard feature for sound recognition 
are the MFCCs; they have been extensively used in 
PCG classification. In this work, we analyzed the clas-
sification performance for MP+LPC+MFCC. Comparing 
datasets A and B, all the output scores for set A are 
always higher than B's. In our tests, the feature aver-
aging approach outperforms cardiac cycle averaging. 
We suppose that this fact results from the higher 
diversity produced when taking the mean value of the 
features rather than the direct calculation of the fea-
tures from a single averaged cycle. The atomic decom-
positions in MP were performed using MPTK, the 
Matching Pursuit Toolkit [78].

Although dataset A displayed a good score (with best 
sensitivity SE=88.5 %) using undersampling, dataset 
E presents better results (best sensitivity SE=91.19 %). 
That is, classification based only on MFCC features 
outperforms the MP+LPC approach. Nevertheless, a 
combination of features improves the results as shown 
by the scores of datasets C and D. The merger of 
MP+LPC+MFCC ranked second in sensitivity SE=93.17 
%, and dataset D (MP+MFCC) obtained the highest 
score (SE=94.34 %), both in case of using undersam-
pling. In terms of feature selection, performance 
improved in terms of the AUC and ROC curve scores, 
the best obtained when applying the IG method. 
Feature sets D and E got an AUC=0.971, while set C 
obtained an AUC of 0.969, which is closer than the 
other sets. Although CFS produces a higher reduction 
in the number of features than the IG method and 
better results, the AUC scores are lower than when 
applying IG.

CONCLUSIONS
In this work, we analyzed the effects of detecting 
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cardiac murmurs when applying the SMOTE oversam-
pling and random-under sampling methods for class 
balancing. Classification algorithms work best in 
cases where the number of samples is balanced. The 
reason is that they are designed to maximize accuracy 
and reduce error. SMOTE creates new abnormal PCG 
synthetic instances using the existing (real) ones. 
Although highly desirable, increasing the number of 
abnormal PCG sounds is a challenging task.

For this reason, we opted to use SMOTE. However, it 
is essential to be aware that this procedure might 
increase the likelihood of overfitting since it repli-
cates the minority class events. The obtained SE 
scores were higher for the case of undersampling. 
However, the remaining scores SP, ACC, and MCC 
were improved when applying SMOTE.

The selection of sparse and spectral features helps 
classify PCG recordings under a high noise level with-
out using FHS segmentation. For the group of LQR 
samples, the algorithm reached a SE=85% in feature 
set E applying under-sampling. On the other hand, the 
SMOTE oversampling effects produced lower scores in 
LQR when applying cycle averaging (data frame B). 
The best results were achieved when using all 
LQR+HQR samples of the dataset. 

Finally, we compared the effectiveness of our method 
when using information gain (IG) and correlation fea-
ture selection (CFS). The results after applying dimen-
sionality reduction were slightly higher using less 
features than when using the whole set of attributes. 
The highest sensitivity obtained was SE=96.23 % 
when using under-sampling and feature set C for both 
CFS and IG, and for feature set D when using CFS. 
After inspecting the discarded features, we noticed 
that the phase of the time-frequency atoms selected 
by MP is not a relevant feature. This parameter was 
never chosen when using CFS, and it obtained a value 
of IG=0. This result is not surprising since, in general, 
the phase is considered a random variable uniformly 

distributed in the [-π,π] interval. In contrast, most of 
the MFCC were selected by both IG and CFS, in this 
case the first coefficients were ranked higher than the 
last. Regarding the other time-frequency atom param-
eters, the frequency, length, and position play a sig-
nificant role in the classification. On the other hand, 
the amplitude has a low relevance. Only about a third 
of the coefficients were selected for the LPC without 
apparent order.

This research provides a complete assessment of fea-
ture selection methods for a classification algorithm 
to detect a pathological state from heart sounds. 
Different methods were evaluated, such as the bal-
ancing of samples, the comparison of MP+LPC vs. 
MFCC, and feature averaging vs. cycle time averaging 
as feature extraction methods. We also analyzed the 
effect of PCG signal quality and feature selection on 
classification performance. We selected the Random 
Forest technique algorithm to generate the classifica-
tion model for PCG signals because the amount of 
data available is still small. Classical machine learning 
algorithms can often perform better than deep learn-
ing algorithms since they require a large amount of 
data for training. Nonetheless, classical machine 
learning algorithms are preferred when the interpret-
ability of the model is essential since they are simpler 
and easier to understand [79]. 

The source code to reproduce the results of this 
paper can be downloaded free from; https://github.
com/roilhi/ABMEPaperPCGClassif.git/.
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ABSTRACT 
In this paper, we present an attention classification method using Machine-Learning Algorithms. The EEG signals 
were recorded from ten engineering students with an EPOC+BCI using the electrodes F3, F4, P7, and P8 while solving 
some mathematical operations. The recording time for these activities is around 20 minutes. Next, a similar time 
EEG register is obtained while doing non-academic activities, such as chattering with the staff, checking cell phones, 
or playing a video game. With these EEG registers, we obtained a set of features to train and evaluate attention using 
Machine Learning algorithms. This research shows how engineering students interact with math topics in solving 
mental operations and complex reasoning by increasing brain domain and knowledge for mathematical reasoning-
related processes, such as sustained and shifting attention and logical constructions for object interaction during 
operations resolution. The Random Forest algorithm (RF) obtained the highest accuracy with 0.7392, an F1 Score of 
0.7430, and the highest Specificity/Accuracy with 0.7261. 

KEYWORDS: attention measurement, brain-computer interface, classification, electroencephalographic signals, 
machine learning, math
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RESUMEN 
Se presenta un método de clasificación de la atención utilizando algoritmos de aprendizaje automático. Con las 
señales EEG de diez estudiantes de ingeniería adquiridas utilizando los electrodos F3, F4, P7 y P8 de una BCI EPOC+ 
mientras resuelven productos escalares, multiplicaciones algebraicas simples, simplificaciones e integrales por 
aproximadamente 20 minutos. Posteriormente, se obtiene un registro EEG de tiempo similar mientras se realizan 
actividades no académicas, como charlar con el personal, consultar el móvil o jugar a un videojuego. Se obtienen 
algunas características/parámetros, se entrenan y evalúan varios algoritmos de aprendizaje automático para la 
clasificación de la atención. Los resultados de esta investigación pueden mejorar la forma en que los estudiantes 
de ingeniería interactúan con los temas matemáticos en la resolución de operaciones mentales y razonamientos 
complejos, aumentando el dominio y el conocimiento cerebral para los procesos relacionados con el razonamiento 
matemático, como la atención sostenida y cambiante y las construcciones lógicas para la interacción con objetos 
durante la resolución de operaciones. El clasificador Random Forest obtuvo la mayor precisión con 0.7392, una 
puntuación F1 de 0.7430 y la mayor especificidad/precisión con 0.7261. 

PALABRAS CLAVE: aprendizaje automático, clasificación, interfaz cerebro-computadora, matemáticas, medición de la 
atención, señales electroencefalográficas
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INTRODUCTION
The cognitive process known as attention is made 

possible by selecting, zooming, and maintaining the 
processing of certain pieces of information [1]. 
Whatever is now being processed by sensorial or 
information systems or reaction possibilities gener-
ated by ongoing cognitive activity might serve as 
objects of attention. It helps us to focus on the infor-
mation that is relevant to us and discriminate against 
the rest. In addition, it is essential to have it before 
beginning the learning process, as it serves as its 
foundation. There have been a variety of methods of 
measurement, including recording response times or 
clicks made on specific software, measuring eye con-
tact time from movies, doing Magnetic resonance 
imaging (MRI) or Functional magnetic resonance 
imaging (fMRI) research, and so on.

Attention is fundamental for university students, so 
measuring it is essential. Some research works are 
related, like [2][3], where primary school students are 
observed doing math and language tests using elec-
troencephalogram (EEG). Figure 1 shows the frame-
work followed for the preprocessing and classification 
stages in [2][3]. They use 64-channel EEG data and pro-
cess only the signal from frontal (6, 12, 60) and pari-
etal (28, 34, 42) electrodes. They use the average 
Welch's Power Spectrum Density (PSD) for the 21-45 
Hz band and the K-Nearest Neighbor as a feature and 
classifier for these EEG channels. The preprocessing 
for the EEG signals was performed with the Python 
MNE library, and the PSD was obtained with the SciPy 
library. Five-and-a-half percent did poorly on the 
arithmetic test, while seventy-four percent did poorly 
on the language test. Based on the results of the tests, 
the average sensitivity and specificity for each fold 
were satisfactory. Similar sensitivity was found when 
EEG data was combined with socio-demographic and 
home environment characteristics. The results 
obtained were:  Math = 58.7 %, Language = 66.3 %, but 
more specificity was found Math = 43.4 % to 50.6 %, 
Language = 32 % to 60 %. 

In [4], the authors examine the effects of exercise on 
the math test scores and anxiety levels of 68 sixth-grad-
ers from two primary schools in New South Wales, 
Australia. In this study, trait anxiety (low vs. high) and 
condition (activity break vs. control) are the 
between-subjects factors in a 22-between-subjects 
design. The dependent variables were math exam 
scores, mental effort expended, task perceived diffi-
culty, and a three-time state anxiety measure. IBM 
SPSS Statistics 25 was used to do an ANOVA and 
ANCOVA on the collected data. As a result, authors 
found that physical activity break before a test exam-
ination does not deteriorate test anxiety and math test 
performance.

In [5], the authors consider the eye movements of 30 
participants' suggesting that they unconsciously focus 
on the numbers (operands, solution) they are now pro-
cessing. Faster performance before fixing on the rele-
vant numbers and making fewer trips back to the first 
operand in the computation resulted in shorter laten-
cies. These telltale signs of superior task performance 
were most obvious for addition and visually ordered 

FIGURE 1. Framework for the preprocessing and 
classification stages followed by researchers in [2][3].

Taken from [2][3].



numbers and for subtraction and visually ordered 
numbers in the opposite direction. In this case, the eye 
movements were done with EyeLink 1000, a vid-
eo-based eye tracker, and the acquired information 
was processed with SR Research Data Viewer software. 
2 + 5, 5 + 2, 3 + 5, 5 + 3, 2 + 6, 6 + 2, 3 +6, 6 + 3, 3 +8, 8 
+ 3, 4 + 8, 8 + 4, 3 + 9, 9 + 3, and 9 + 4 were the addition 
problems utilized in this study. Each addition problem 
was transformed into a corresponding subtraction 
problem with the answer to the addition problem as the 
first operand (7 + 5 = 7 became 7 - 5 = 2), and so on. 
Four white numbers, set against a black background, 
were displayed horizontally in ascending or descend-
ing numerical sequence (see Figure 2). The numerals 
were 18 points tall, had a visual angle of 0.5 degrees, 
and were set in Times New Roman font type. On an 
invisible 44 grid (shown as a dotted line in Figure 2), 
each number may take one of sixteen possible place-
ments, with a single digit occupying each column and 
row. Two numerical images corresponded to the orally 
provided operands of the arithmetic problem; another 
was a distractor operand, and the final image was the 
answer (correct or incorrect). Eye tracking data showed 
that people naturally gaze at the numbers they are cur-
rently processing (operands, solution). Performance 
improvements were seen in shorter latency before fix-
ating the relevant integers and fewer returns to the first 
operand during solution computation. In particular, 
these hallmarks of high-quality task performance were 
more prominent for addition and visually-arranged 
numbers in ascending order and for subtraction and 
visually-arranged numbers in descending order (com-
pared to the opposite pairings). Our findings demon-
strate that the "visual number world"-paradigm pro-
vides real-time insight into mental arithmetic, is sensi-
tive to visual layout modifications that are not reflected 
in response time measures and can capture variability 
in arithmetic performance.

Authors found that comparing the proportions of fix-
ating the first operand between small-and large-oper-
and-first problems in the computational phase (paired 

test) revealed a higher proportion for large-oper-
and-first problems, t(28) = −2.256, p = .033. The fixation 
proportion of the first operand was 7.2% increased for 
these problems (SEM = 1.6). Thus, eye movements do 
not reflect a possible mental rearrangement of oper-
ands from a small–large into a large–small order but, 
rather, the activation of the larger number to which the 
smaller number is added.

FIGURE 2. An example of a trial sequence is used in the 
research, taken from [5].

Research [6] presents a proposed methodology that 
evaluates "Attention" and "Meditation" levels in chil-
dren in virtual classes with a Mindwave BCI, a brain-
wave-reading EEG headset. They obtain a level of 
"Attention" and "Meditation" from 0 to 100 % using the 
software provided with the BCI. Their methodology 
was evaluated in two situations: with a 6-year-old child 
and a 15-year-old during virtual classes. This one-chan-
nel BCI uses the FP1 electrode, and the software mea-
sures the Attention and Meditation levels during a 
session and displays their average, as is shown in 
Figure 3. At the beginning of the class, the 6-year-old 
child's Attention average was 10 % and a Meditation 
average of 40 %. When the child had to solve an exer-
cise and turn it in, "Attention" rose to 72 %, and 
"Meditation" a 50 %. For the 15-year-old student, in the 
beginning, the "Attention" average was 0 %, and the 
"Meditation" average of almost 100 %. His "Attention" 
average in Math class was 60 %, and the "Meditation" 
average was nearly 40 %. While he was analyzing the 
math exercises, the "Attention" average was 90 %, and 

26 REVISTA MEXICANA DE INGENIERÍA BIOMÉDICA VVOL. 44 | NO. 4 | SPECIAL ISSUE 2O23 



27José Jaime Esqueda Elizondo  et al. Using Machine Learning Algorithms on Electroencephalographic Signals to Assess Engineering Students' Focus While Solving Math Exercises

the "Meditation" average was 15 %. They conclude that 
the two students' attention levels are different when 
performing similar tasks, with the 6-year-old student 
showing a maximum attention level of 72 % reaching 
100 % due to the student at that age being very dis-
tracted, and the 15-year-old student showing a maxi-
mum attention level of 100 % when performing class 
activities. They concluded that taking a break to exer-
cise before an exam did not lower performance on 
arithmetic tests or increase test-related anxiety.

FIGURE 3. Attention and Meditation averages displayed by 
the Mindwave BCI software. The illustrative Figure is taken 

from: https://apkpure.com/brainwave-visualizer/com.
neurosky.unitythinkgear.

Also, Machine-Learning is used to diagnose and study 
different neurodevelopmental and neurodegenerative 
disorders. In [7], they use the retina's electrical response 
(electroretinogram, ERG) to light for autism spectrum 
disorder (ASD) detection. They collected and analyzed 
ERG  signals from 47 control and  96  ASD individuals. 
As features, they use four well-known time-domain 
indices, specifically the amplitude of a "Va" wave, the 
timing of its "Ta" peak, the amplitude of a "Vb" wave, 
and the timing of its "Tb" peak. These time domain and 
statistical features are used for this research. Then they 
obtain the Power Spectrum Density (PSD), and the 
Discrete Wavelet Transform of the ERG signals is used 
with the Least Absolute Shrinkage and Selection 
Operator (LASSO) regression technique for feature 
extraction. The machine learning models used included 

a Decision Tree (DT), a Support Vector Machine (SVM), 
a Gradient Boosting (GB), and Random Forest (RF). 
They detected ASD using Random Forest, which 
obtained the best classification accuracy of 86 % and 
98 % sensitivity with time domain and spectral fea-
tures.

In reference [8], authors suggest using deep convolu-
tional neural networks (CNNs), a sparse coding-based 
feature mapping methodology, and the Douglas-
Peucker (DP) algorithm to spot ASD. This research used 
the King Abdulaziz University Hospital, Jeddah, Saudi 
Arabia dataset. This dataset contains 20 children with 
ASD (ages 6–20) and a healthy group with nine children 
without neurological conditions. Figure 4 shows the 
block diagram of the proposed method. They employ a 
g.tec EEG cap with Ag/AgCl electrodes, G.tech USB 
amplifiers, and BCI2000 software to acquire signals 
without artifacts. Using the worldwide 10-20 system 
with AFz as GND and the right ear lobe, they work with 
16 channels (FP1, FP2, F7, F3, Fz, F4, F8, T3, C4, Cz, C3, 
T5, Pz, O1, Oz, and O2). A popular method for simplify-
ing lines, the Douglas-Peucker (DP) algorithm can 
reduce curve complexity and storage requirements by 
eliminating unimportant nodes and isolating key 
nodes The goal of the DP method is to create a new data 
series with fewer and more significant points while 
keeping the original data series within an acceptable 
range of variance. Using the DP algorithm, they reduce 
from 47088 original samples to only 2462 with a com-
pression parameter of 20. Next, EEG rhythms are 
extracted with a Wavelet Transform using Daubechies 
4th order decomposition to obtain Gamma, Beta, 
Alpha, Theta, and Delta band power and coded with 
sparse representation. All rhythms are neatly lined up, 
and the sparse presentation is encoded with the help of 
a histogram. Histograms of the sparsely coded rhythms 
for each EEG channel are added to form a matrix repre-
sentation of the input EEG information. Before apply-
ing the dB power scale (20log()), the matrix data must 
be normalized into the [0,1] interval. Scaled color rep-
resentations of the matrix are generated using the ima-

https://apkpure.com/brainwave-visualizer/com.neurosky.unitythinkgear
https://apkpure.com/brainwave-visualizer/com.neurosky.unitythinkgear
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gesc command in Matlab and then saved as images. 
Autoencoders (AE) based on extreme learning 
machines (ELM) are used during data augmentation. 
Next, pre-trained deep CNN models are used to classify 
the EEG signals from people with ASD and those with-
out the disorder. When applied to the automatic diag-
nosis of ASD, the proposed method achieved a perfect 
100 % sensitivity, 96.4 % specificity, and a perfect 
F1-score of 99.19 %.

Deep-Learning models are also applied to EEG signals 
to detect schizophrenia, as is presented in reference [9]. 
In this instance, they utilized information gathered 
from Warsaw, Poland's Institute of Psychiatry and 
Neurology. Models from the Machine Learning (M-L) 
family employed include the Naive Bayes, Support 
Vector Machine, K-Nearest Neighbors, Decision Tree, 
Extremely Randomized Trees, Random Forest, and 
Bagging. Long Short-Term Memories (LSTMs), One-
Dimensional Convolutional Networks (1D-CNNs), and 
One-Dimensional Convolutional Networks-LSTMs are 
just a few examples of the Deep-Learning (DL) models 
they employ. The initial step in processing is slicing 
the EEG signals into 25-second chunks. Following this, 
both DL and FCF are applied concurrently in the fea-
ture extraction phase. Using a CNN-LSTM network, 
the DL model employs functional connectivity meth-
ods, including synchronization likelihood (SL), Fuzzy 
SL (FSL), and simplified interval type-2 FSL (SIT2FLS). 
Here, they use a concatenate layer to merge the DL 
features with those of each functional connectivity 
type before passing the resulting dataset over to a sig-
moid activation layer for classification. K-Fold with K = 
5 was utilized in the categorization stage to evaluate 
the outcomes. As a result, they found that the best 
performance was for the CNN-LSTM model, with an 
accuracy percentage of 99.25 %.

Also, reference [10] presents a method for identifying 
overconfidence patterns by analyzing EEG power 
spectrum bands. Students solve mathematical tasks 
and receive feedback about their mistakes in the 

solved exercises. Twenty healthy engineering stu-
dents (13 males and seven females, with a mean age of 
18.73 ± 0.65 years) were monitored by EEG as they 
performed mathematical calculations. Before, during, 
and after problem-solving, the subjects' Delta and 
Theta band activity was evaluated. The graded work 
included ten multiple-choice exercises on topics 
including algebraic fraction simplification, factoring, 
and the usage of radicals, typically covered in the 
intermediate years of high school. Each exercise has 
one correct answer and four incorrect ones, as shown 
in Figure 5. If they answer correctly, the next exercise 
is presented. Still, if an incorrect answer is selected, 
feedback is given to the student, including the proba-
ble cause of the error and the correct procedure. Next, 
a second similar exercise is presented, again with one 
correct answer and three wrong answers.

FIGURE 4. Block diagram of the proposed method. Taken 
from [8].

FIGURE 5. The mathematical task presented. Taken from [10].
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The authors used an electroencephalograph (EEG) 
with a 200 Hz sampling rate and 19 electrodes posi-
tioned according to the 10-20 International System. 
This means electrodes Fp1/2, F3/4, F7/8, C3/4, P3/4, 
T3/4, T5/6, O1/2, Fz, Cz, and Pz are used for EEG data 
acquisition. 

Authors analyzed signals from four discrete times 
within a single second: (a) just before the math prob-
lem was shown (V1), (b) immediately after it was 
shown (V2), (c) just before the answer was selected 
(V3), and (d) just as feedback appears in response to 
the answer chosen (V4). These moments of interest are 
depicted in Figure 6.

The relative band energy is obtained by estimating 
the relative energy of each band, and they estimate the 
average PSD of each window using equation (1).

𝐸𝐸𝐸𝐸! =
𝐸𝐸𝐸𝐸

𝐸𝐸𝐸𝐸	 + 	𝐸𝐸𝐸𝐸	 + 𝐸𝐸𝐸𝐸	 + 	𝐸𝐸𝐸𝐸 (1)

Where  EBr represents the relative energy of the inter-
esting band, EB is the absolute energy of the interest-
ing band, and Eδ, Eθ, Eα, and Eβ the absolute energies 
of bands Delta, Theta, Alpha, and Beta, respectively. 

Those who got the answers right saw an uptick in 
Delta band activity when the correct solutions were 
shown, whereas those who got them wrong saw a 
decrease. Subjects who got an exercise wrong were 
given feedback and given a second chance to get it 
right. Subjects' Theta energy levels increased when 
they answered correctly and decreased when they 
answered incorrectly. The authors of this study did not 
employ any Machine-Learning techniques and found 
that overconfidence may be quantified by measuring 
the fluctuations in subject energy during mathemati-
cal task errors.

In [11], our previous work uses EEG signals and 
Machine-Learning Algorithms for attention measure-

ment in an ASD user. For EEG signal acquisition, we 
used an Epoc+ headset manufactured by Emotiv to 
acquire EEG signals from a 13 years old boy with ASD 
diagnosed while he performed learning activities. As 
features, we use the PSD with two seconds windows. 
Theta, which goes from 4 to 8 Hz, Alpha, from 8 to 12 
Hz; and Beta, from 12 to 30 Hz, are the frequency 
bands that comprise the Power Spectrum Density. 
Theta Relative Power, Alpha Relative Power, and Beta 
Relative Power are all attained and used with the capa-
bilities of this band. Theta-Beta, Theta-Alpha, and 
Theta/(Alpha + Beta) Ratios are all obtained using the 
relative powers presented in [12]. These features are 
obtained for the F3, F4, P7, and P8 channels of the 
Epoc+ headset. Naive Bayes (NB), Decision trees (DT), 
k-nearest neighbors (KNN), Support Vector Machine 
(SVM)-RBF, Stochastic Gradient Descent (SGD), 
Random Forest (RF), Extra trees (ET), and Multi-Layer 
Perceptron Neural Network (MLP-NN) from the Scikit- 
learn library (https://scikit-learn.org/stable/) were 
among the Machine-Learning models analyzed. An 
AUC of 0.9299 indicates that the best model is the 
multi-layer perceptron neural network (MLP-NN). 
Table 1, compares the state of the art presented in the 
Introduction section.

FIGURE 6. Example of a mathematical exercise and the 
structure of the one-second windows for analysis.

Taken from  [10].
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Reference Year Dataset Features IA model 

[2], [3] 2021 Own; 105 children (52 
girls) 

Average Welch's 
Power Spectrum 

Density (PSD) for the 
21-45 Hz band 

KNN 

[4] 2020 Own; 68 sixth-grade 
children of 11–12 

ANOVA and 
ANCOVA None 

[5] 2018 Own; 30 participants ANOVA N/A 

[6] 2022 Own; a 6-year-old child 
and a 15-year-old. 

Attention and 
Meditation averages 

obtained and displayed 
by the Mindwave BCI 

software. 

N/A 

[7] 2022 

Own; an 
electroretinogram from 
47 control and  96 ASD 

individuals. 

PSD and Wavelet 
Transform of the "Va" 
wave Amplitude, the 

timing of its "Ta" peak, 
the amplitude of a 

"Vb" wave, and the 
timing of its "Tb" 

peak. 

Gradient Boosting (GB), 
Random Forest (RF), Decision 
Tree (DT), and Support Vector 

Machine (SVM). 

[8] 2022 

Dataset from King 
Abdulaziz University 

Hospital, Jeddah, Saudi 
Arabia, with 20 ASD 

children (ages 6–20) and 
a healthy group with nine 

children. 

Douglas-Peucker (DP) 
algorithm, Wavelet 

Transform using 
Daubechies 4th order 

decomposition to 
obtain Gamma, Beta, 

Alpha, Theta, and 
Delta band powers. 

Deep CNN 

[9] 2022 

Data set from the 
Institute of Psychiatry 

and Neurology, Warsaw, 
Poland 

25s time frames, 
normalized by z-score 

or norm L2 

M-L models: Support Vector 
Machine,  K-Nearest 

Neighbors, Decision Tree, 
Naïve Bayes, Random Forest, 
Extremely Randomized Trees, 
and Bagging. Deep-Learning 

(DL) models: Long Short-Term 
Memories (LSTMs), One-

Dimensional Convolutional 
Networks (1D-CNNs), and 1D-

CNN-LSTMs. 

[10] 2022 

Own; EEG signals from 
20 engineering students 

(13 men and seven 
women with an average 

age of 18.73 ± 0.65 
years) 

Average power 
spectrum of two-

second windows to 
obtain the relative 

energy of each band 
with the equation 

Statistical analysis. 

[11] 2022 Own; one 13 years old 
boy with ASD diagnosis. 

Theta Relative Power, 
Alpha Relative Power, 
Beta Relative Power, 

Theta-Beta Ratio,  
Theta-Alpha Ratio, 

and the Theta/(Alpha + 
Beta) Ratio 

Naive Bayes (NB), Stochastic 
Gradient Descent (SGD), 

Decision trees (DT), Support 
Vector Machine (SVM)–RBF, 
k-nearest neighbors (KNN), 

Multi-Layer Perceptron Neural 
Network (MLP-NN), Random 
Forest (RF), and Extra trees 

(ET) 

TABLE 1. State-of-the-art comparative.
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Listed below are the sections of this document. The 
second section, Materials and Methods, presents the 
proposed approach. Here we present the Activity 
Sheet, the BCI, the Data Acquisition Process, Signal 
Processing, Feature Extraction, and the Dataset 
obtained. Results and Discussion, the third section,  
summarizes this paper's findings and where the debate 
takes place. Our findings are summarized in the 
Conclusions section.

MATERIALS AND METHODS
This study explains how to measure and process the 

brain's electrical activity and assess attention levels 
when engaging in cognitive activities and interacting 
with various software systems or applications. EEG 
signals from an Epoc+ Brain-Computer Interface (BCI) 
can be used in this research for detecting when a user 
has high attention levels while solving mathematical 
problems, as in a class. The user's "Attention" and "No 
Attention" states are classified using ML techniques in 
this paper. This study uses EEG readings and machine 
learning algorithms to classify the attention of a 
ten-engineering student sample with an average age of 
22.4 years and a standard deviation of 2.2 years, six 
males and four females. People with Asperger's 
Syndrome can be diagnosed based on their ability to 
focus on tasks and interact with computer programs, 
according to a study published in the Journal of 
Autism and Developmental Disorders.

This project was registered as POSG/020-1-04 with 
the University of Baja California's Ethics Committee 
and Research for Undergraduates and Graduates on 
October 8, 2020. Data was collected using an Epoc+ 
BCI connected to the Emotiv Pro platform while every 
engineering student in the sample solved some math 
exercises for about 15 to 18 minutes. Then, a similar 
time EEG register of no attention activities like check-
ing cell phone, playing a videogame, and talking to the 
staff, among other activities. Matlab 2019a and Emotiv 
Pro, Student Edition were used for signal processing of 
the recorded EEG data. Figure 7 shows the Emotiv 

Epoc+ headset (right) and the electrode placement 
(left).

FIGURE 7. Emotiv Inc.'s Epoc+ headset's electrode placement 
(left side) (right side), retrieved on December 29, 2021, 

from the firm's site at https://emotiv.gitbook.io/epoc-user-
manual/.

The following is a description of the planned data 
collection procedure. First, we put the headset on the 
subject and wet the electrodes. The video recording 
and EEG data collection can begin at this point. Next, 
we give the worksheet with the instructions to the test 
subject. Then, we allow the test participant to begin 
the exercise, like in a typical math school session. The 
attention sampling process ends when the subject fin-
ishes the exercises or fifteen to eighteen minutes have 
elapsed.

The Epoc+ BCI uses a 50 Hz/60 Hz dual notch filter 
and a 64 Hz low-pass filter for data acquisition. Then, 
the signal was downsampled to 128 Hz before trans-
mission, and next, multiply the signal by 0.51x10-6 to 
convert it into a voltage reading.

A new sampling process begins at the same time as 
the attention recording, but now non-academic activi-
ties, like chattering with the staff, checking cell 
phones, or playing a video game.

Activity sheet

Appendix A shows the activity sheet used for this 
experiment. It has three scalar vector problems, four 
algebraic multiplications, three algebraic simplifica-

https://emotiv.gitbook.io/epoc-user-manual/
https://emotiv.gitbook.io/epoc-user-manual/
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tion problems, two synthetic division problems, and 
five fraction integrals. The idea of these problems is to 
measure the attention for 15 to 18 minutes while the 
students solve these problems, whether they were cor-
rectly solved. Figure 8 shows how the Activity Sheet 
looks. 

FIGURE 8. The activity sheets are used for measuring 
attention. Source: self-made.

FIGURE 9. EEG acquisition process with the Epoc+ BCI. 
Source: self-taken.

FIGURE 10. The method proposed a block diagram. Source: 
self-made.

Brain-Computer interface

Brain-Computer Interfaces are electronic devices that 
acquire the EEG signals measured from the scalp and 
transmit the signals to a computer. They get a non-in-
vasive recording of the brain's activity that can be 
processed and used for different applications, like 
gaming, controlling devices, and neuromarketing. 
While designing a variety of educational activities, the 
EEG signals are collected using an Emotiv Pro platform 
and an Epoc+ Brain-Computer Interface (BCI) and 
then analyzed using Matlab 2019a and Emotiv Pro 
software, Student Version [13][14]. The Emotiv Epoc+ 
headset (right) and a diagram of its electrode localiza-
tion (left) are displayed in Figure 7. Electrodes F3, F4, 
P7, and P8 were chosen based on coherence analysis of 
attention [15][16]. This selection reduced the amount of 
data needed to be processed, which decreased pro-
cessing time.

Data acquisition process

The data acquisition process for the math-solving 

stage was:

1. First, the individual will be fitted with the 
headgear containing the hydrated electrodes.
2. Initiate EEG data collection.
3. Give the test subject the worksheet and 
instructions.
4. Allow the test subject to begin solving math 
exercises for about 15 to 20 minutes.
5. Stop the data acquisition before 20 minutes of 
testing.

Figure 9 shows the headset placement, the data 
acquisition starts, the solving math exercises stage, 
and the EEG signals acquired. Next, for the non-at-

tention stage, we repeat the same process for the 
math-solving stages. Still, in step 3, we let the user do 

any other activity, like talking to the staff, playing 
video games, checking social networks, and at the 

same time as the math-solving stage. This EEG data 
acquisition process was presented in reference [11]. 
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Signal processing

The signal's processing procedure block diagram is 
shown in Figure 10 and is presented with more details 
in reference [11]. It begins with preprocessing and then 
calculating the power density of EEG data to split them 
into bands.

After the signal is preprocessed, the band power is 
separated, and features are extracted. After that comes 
the Attention Quantification result, followed by 
Validation Process for the Features and the ML Training 
stage.

Features listed in Section 2.3 will be obtained and 
verified next and used to teach algorithms for ML. We 
will go into greater detail about these actions in the 
following section.

To determine the PSD in absolute values, in V2/Hz, the 
Emotiv Pro Software estimates them using two-second 
windows. This 256-sample window spans two seconds 
[17]. Figure 11 illustrates power bands used in EEG. 
Delta is 1-4 Hz, Theta is 4-8 Hz, Alpha is 8-12 Hz, Beta 
is 12-30 Hz, and Ram (also known as Gamma) is 30-50 
Hz.

FIGURE 11. Example of band power separation used in EEG 
signal processing.

Feature extraction

Before the Theta-Beta (TBR) and the Theta-Alpha 
Ratios (TAR) can be detected, the band PSD of the EEG 
signal in two-second windows and for each electrode 
must be calculated. TBR characteristics, as well as the 
Theta and Beta Relative Powers and the Theta/(Alpha + 
Beta) relative power, are commonly used as part of 
attention detection and neurofeedback  [11][12]. Table 2 
shows the features and their equations.

Dataset

The dataset contains 24 features: six for each one of 
the four electrodes (F3, F4, P7, and P8) and two for the 
"Attention" and "No Attention" classes. This dataset is 
balanced by including exactly 104,244 samples from 
each category. The dataset depicted in Table 3 has 24 
features derived from EEG data analysis. Here we show 
each electrode's features, minimum and maximum 
value, and feature type. The user was not paying atten-
tion to what he was learning since he was preoccupied 
with other, more pressing academic matters.

 

Feature Equation 
Theta Relative Power RTP = !

"
 

Alpha Relative Power 
 

RAP = !
"
 

 
Beta Relative Power 

 
RBP = 	$

"
 

 
Theta Beta Ratio TBR = !

#
 

Theta Alpha Ratio TAR %
!
 

 
TBAR TBAR = !

#$%
 

 

TABLE 2. Features used for attention measurement. Source: 
Self-made.
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Column 
name 

Minimum Maximum Type Column 
name 

Minimum Maximum Type 

Rtp_F3 0.052573953 0.986614597 No Attention Rtp_F4 0 1 No Attention 

Rap_F3 0.006339848 0.776645802 No Attention Rap_F4 0 0.869707513 No Attention 

Rbp_F3 0.004329732 0.889365625 No Attention Rbp_F4 0 1 No Attention 

Tbr_F3 0.059417402 203.8173059 No Attention Tbr_F4 0 70.17964679 No Attention 

Tar_F3 0.024821496 26.5031529 No Attention Tar_F4 0 30.39827608 No Attention 

Tbar_F3 0.055491352 73.70824549 No Attention Tbar_F4 0 22.93691587 No Attention 

Rtp_P7 0.012052623 0.953524263 No Attention Rtp_P8 0.032478926 0.931698565 No Attention 

Rap_P7 0.02263261 0.80631125 No Attention Rap_P8 0.021125876 0.882221784 No Attention 

Rbp_P7 0.013165841 0.926023652 No Attention Rbp_P8 0.011678516 0.926483745 No Attention 

Tbr_P7 0.015074921 68.46186848 No Attention Tbr_P8 0.03505612 72.76456274 No Attention 

Tar_P7 0.034479116 23.60027814 No Attention Tar_P8 0.034120358 44.40627379 No Attention 

Tbar_P7 0.01219966 20.51660325 No Attention Tbar_P8 0.033569218 13.64098078 No Attention 

 

Column 
name 

Minimum Maximum Type Column 
name 

Minimum Maximum Type 

Rtp_F3 0.016089806 0.954886933 Attention Rtp_F4 0.014039459 0.93383383 Attention 

Rap_F3 0.012248581 0.772430196 Attention Rap_F4 0.016629818 0.895142743 Attention 

Rbp_F3 0.008185096 0.963361451 Attention Rbp_F4 0.017738286 0.937284135 Attention 

Tbr_F3 0.016701733 113.1214596 Attention Tbr_F4 0.031871758 38.06310801 Attention 

Tar_F3 0.018291359 13.01625685 Attention Tar_F4 0.020049065 39.94672025 Attention 

Tbar_F3 0.016352922 21.16652665 Attention Tbar_F4 0.014239372 14.11346364 Attention 

Rtp_P7 0.019977678 0.902437957 Attention Rtp_P8 0.021059371 0.930781794 Attention 

Rap_P7 0.009337175 0.938064489 Attention Rap_P8 0.025384797 0.862255367 Attention 

Rbp_P7 0.018345381 0.955737888 Attention Rbp_P8 0.01922771 0.867165619 Attention 

Tbr_P7 0.027892137 45.20699485 Attention Tbr_P8 0.033203085 46.58142716 Attention 

Tar_P7 0.009788323 34.1572323 Attention Tar_P8 0.044500332 25.36725644 Attention 

Tbar_P7 0.020384922 9.249887846 Attention Tbar_P8 0.021512409 13.44706619 Attention 

 

 

 

 

 

 

Table 4. Results of the parameters of the evaluated M-L algorithms. Source: self-made. 

TABLE 3. Dataset example for the 24 features used. Source: self-made.

RESULTS AND DISCUSSION
After training ML models on the datasets, we evaluate 

using the parameters listed in Table 4. True Positive 
values range from 7027 for Naive Bayes to 14968 for 
Random Forest. True Negative values range from a 
high of 17219 in Naive Bayes to a low of 12682 in 
Decision Trees. Again, Naive Bayes had the highest 
False Positives value at 13818, while Random Forest 
had the lowest at 5877. False Negatives ranged from a 
high of 7797 for Decision Trees to a low of 3260 for 
Naive Bayes. Accuracy was maximized by Random 

Forest (0.7392) and minimized by Naive Bayes (0.088). 
Random Forest achieved an F1 Score of 0.7430, while 
SGD managed only 0.6215 %. Random Forest had the 
highest Specificity/Accuracy (0.7261), while Naive 
Bayes (0.5547) had the lowest. Naive Bayes had the 
greatest Sensitivity/Recall score of 0.8408, while 
Decision Trees had the lowest at 0.6192.

Table 5, shows the results of the parameters of the 
evaluated ML algorithms. Table 5, also included in, 
presents the performance metrics obtained with the 
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ML algorithms evaluated. Random Forest obtains the 
highest AUC value with 0.7394, and Naïve Bayes has 
the lowest with 0.5889. The highest Cohen's Kappa 
coefficient was for Random Forest with 0.4787, while 
the lowest was 0.1771 for Naïve Bayes. Naïve Bayes had 
the highest Hamming Loss with 0.41327, and Random 
Forest had the lowest with 0.2607. Random Forest had 
Matthew's Correlation Coefficient of 0.4792, while 
Naive Bayes and Support Vector Machine had values as 
low as 0.2057.

Table 5 shows how the Area Under the Curve (AUC) of 
the ML models used in this paper for Attention 

 

 Machine Learning algorithms 

Results of the 
evaluated parameters 

Naive 
Bayes SGD Decision 

Trees 
(SVM)-

rbf KNN MLP- 
NN 

Random 
Forest 
(RF.) 

Extra 
trees 

True positives 7027 12384 13296 12318 13807 14423 14968 14905 
True negatives 17219 13049 12682 14758 14767 13675 15582 15400 
False positives 13818 8461 7549 8527 7038 6422 5877 5940 
False negatives 3260 7430 7797 5721 5712 6804 4897 5079 

Accuracy 0.5867 0.6154 0.6286 0.6552 0.6914 0.6804 0.7392 0.7333 
F1 Score 0.6684 0.6215 0.6230 0.6744 0.6984 0.6740 0.7430 0.7365 

Specificity/Accuracy 0.5547 0.6066 0.6268 0.6337 0.6772 0.6804 0.7261 0.7216 
Sensitivity/Recall 0.8408 0.6371 0.6192 0.7206 0.7210 0.668 0.76087 0.7519 

 
TABLE 5. Performance metrics of the evaluated M-L algorithms. Source: self-made.

 
 Performance metrics 
 

Machine-Learning 
Algorithm 

 
AUC 

Cohen's Kappa 
coefficient 

Hamming 
loss 

Matthew's correlation 
coefficient 

Naive Bayes 0.5889 0.1771 0.41327 0.2057 
Stochastic Gradient 

Descent 0.6156 0.2311 0.3845 0.2314 

Decision trees 0.6285 0.2571 0.3713 0.2571 
Support Vector Machine 

(SVM) -rbf 0.6557 0.3111 0.4132 0.2057 

KNN 0.6917 0.3832 0.3085 0.3840 
Extra trees 0.7335 0.4668 0.2666 0.4672 
MLP- NN 0.6798 0.3597 0.3200 0.3597 

Random Forest (RF) 0.7394 0.4787 Random 0.4792 

 

TABLE 4. Results of the parameters of the evaluated M-L algorithms. Source: self-made.

Classification behaves. It is noticed that Random Forest 
presents the best performance among the evaluated 
models with a 0.7394 value. The second best AUC was 
for Extra Trees, with 0.7335, followed by K-NN, with 
0.6917. The worst performance was for Naïve Bayes, 
with a 0.5889 value. Comparing the results obtained 
from this research with those obtained in [11], we 
observe that the ML model performance is lower due to 
the use of several individuals in the dataset elabora-
tion. Using many test individuals for dataset conforma-
tion reduces the performance of the ML models evalu-
ated compared to the same models trained with data-
sets from one individual. 



36 REVISTA MEXICANA DE INGENIERÍA BIOMÉDICA VVOL. 44 | NO. 4 | SPECIAL ISSUE 2O23 

CONCLUSIONS
In this research, it is observed that when forming the 

dataset with ten users, the results are lower than when 
working with only one user. However, the results 
obtained are considered acceptable. It is observed that 
the Random Forest model presented the best perfor-
mance for the parameters: F1 Score, Accuracy, Area 
Under the Curve, and Specificity/Precision. In 
Sensitivity/Recall, Naive Bayes had the best results. We 
also conclude that using several individuals for dataset 
conformation reduces the performance compared to a 
single-user dataset. Increasing the number of test sub-
jects is necessary to increase the dataset. We conclude 
that this kind of ML system is better if personalized for 
a specific user than making it general for more users 
because the ML models tested performance decreases. 
This performance reduction is caused by the variability 
of the data obtained from different users. So it is better 
to obtain personalized features for the training data-
sets than to obtain generalized features for more than 
one user.

In future work, it is necessary to perform more tests to 
compare the performance of the ML models trained 
with datasets formed with single-user samples or per-
sonalized and other datasets made with the samples of 
more users and compare the performance of the trained 
models. Also, it is important to program these models 
on embedded systems and evaluate their performance.
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ABSTRACT 
It is estimated that depression affects more than 300 million people in worldwide. Unfortunately, the current method 
of psychiatric evaluation requires a great effort on the part of clinicians to collect complete information. The aim of 
this paper is determine the optimal time intervals to detect depression using genetic algorithms and machine learning 
techniques; from motor activity readings of 55 participants during a week at one-minute intervals. The time intervals 
with the best performance in detecting depression in individuals were selected by applying Genetic Algorithms (GA). 
Methodology. 385 observations of the study participants were evaluated, obtaining an accuracy of 83.0 % with 
Logistic Regression (LR). Conclusion. There is a relationship between motor activity and people with depression 
since it is possible to detect it using machine learning techniques. However, the changes in the variables of the time 
intervals could be established as key factors since, at different times, they could give good or bad results because the 
motor activity in the patients could vary. However, the results present a first approximation for developing tools that 
help the opportune and objective diagnosis of depression.
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RESUMEN 
Se estima que la depresión afecta a más de 300 millones de personas en el mundo. Desafortunadamente, el método 
de evaluación psiquiátrica actual requiere un gran esfuerzo por parte de los médicos para recopilar información 
completa. Objetivo. Determinar los intervalos de tiempo óptimos para detectar depresión mediante algoritmos 
genéticos y técnicas de aprendizaje automático, a partir de las lecturas de actividad motora de 55 sujetos durante 
una semana en intervalos de un minuto. Los intervalos de tiempo con mejor desempeño en la detección de depresión 
en individuos fueron seleccionados aplicando algoritmos genéticos. Metodología. Se evaluaron 385 observaciones 
de los sujetos de estudio, obteniendo una precisión del 83.0 % con Regresión Logística (LR). Conclusión. Existe una 
relación entre la actividad motora y las personas con depresión ya que es posible detectarla utilizando técnicas de 
aprendizaje automático. Sin embargo, los cambios en las variables de los intervalos de tiempo podrían establecerse 
como factores clave ya que en diferentes momentos podrían dar buenos o malos resultados debido a que la actividad 
motora en los pacientes podría llegar a variar. No obstante, los resultados presentan una primera aproximación para 
el desarrollo de herramientas que ayuden al diagnóstico oportuno y objetivo de la depresión.

PALABRAS CLAVE: actividad motora, algoritmos genéticos, depresión, inteligencia artificial, selección de características
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INTRODUCTION
Per the World Health Organization (WHO), depression 

is distinguished from typical mood variations and brief 
emotional reactions to everyday life challenges. 
Particularly when it becomes recurrent and exhibits 
moderate or severe intensity, depression can evolve 
into a significant health concern [1]. Generally, it 
emerges early in life, causing a substantial decline in 
the overall functioning of individuals. The condition 
tends to recur and imposes notable economic and 
social burdens, making it a prominent contributor to 
the list of debilitating illnesses [2]. In its most severe 
form, depression can tragically result in suicide, with 
nearly one million people committing suicide each 
year. Shockingly, it stands as the second leading cause 
of death among individuals aged 15 to 29, as reported 
by WHO data. Additionally, in the past, the COVID-19 
pandemic has brought forth numerous overwhelming 
stresses. Some evident factors include job loss, bereave-
ment of family members, friends, or coworkers, finan-
cial instability, and social isolation, especially for indi-
viduals living alone. When required, healthcare pro-
viders must differentiate between demoralization and 
depression; however, access to in-person consultations 
with qualified mental health experts may not be easily 
accessible to everyone in need [3].

Apart from the difficulties posed by the inability to 
meet patients with depression in person, there are 
inherent challenges in conducting psychiatric assess-
ments. Such evaluations require considerable effort 
from specialists to collect objective patient informa-
tion. Moreover, successful assessment heavily relies on 
the patient willingness to cooperate and effectively 
communicate their symptoms and concerns [4]. One of 
the techniques employed to assess patients' depression 
is the Montgomery-Asberg Depression Rating Scale 
(MADRS), designed to gauge the current severity of 
ongoing depression [5]. Clinicians evaluate ten depres-
sion-relevant items through observations and discus-
sions with the patient, and a cumulative score (ranging 
from 0 to 60) indicates the level of depression. Scores 

below ten are categorized as having no depressive 
symptoms [6]. While scores above 30 indicate a severe 
depressive state [7]. Therefore, an objective detection 
mechanism based on biological signals is needed to 
improve timely diagnosis.

The extensive use of wearable devices for monitoring 
mental and physical health has gained significant pop-
ularity. Now, people are consistently collecting data to 
improve their well-being and monitor fitness advance-
ments. Moreover, the data collected from these devices 
can hold considerable value from a psychiatric per-
spective, extending beyond evaluating the overall 
quality of life. It holds the potential to aid in diagnosing 
various mental health conditions, including depression 
[8]. Undoubtedly, motor activity reflects social patterns 
influenced by cyclical biological rhythms, which are 
regulated by the 24-hour circadian clock and interwo-
ven with several ultradian rhythmic cycles lasting 2 to 
6 hours [9]. Disrupted biological rhythmic patterns have 
been proposed as significant indicators of mood epi-
sodes  [10]. Actigraphy serves as a non-intrusive approach 
to observing human rest and activity patterns. 
Typically, it involves using a wrist-worn device to 
record gravitational acceleration units [11].

The actigraph is among the devices frequently 
employed to collect motor activity data. Numerous 
research studies have leveraged this data to create 
models using artificial intelligence techniques for clas-
sifying, detecting, and monitoring the illness. García-
Ceja et al., [12] utilize machine learning to differentiate 
between depressed and non-depressed patients. To 
assess the algorithms' performance, they employ leave-
one-patient-out validation. The collective results reveal 
that sensor data contains valuable information for 
determining an individual depression status. On the 
other hand, Zanella-Calzada et al., [13] proposed a novel 
approach to distinguish depressive participants from 
control participants using data from their wearable 
device-recorded motor activity. Statistical features 
were extracted from the motor activity signals, which 

40 REVISTA MEXICANA DE INGENIERÍA BIOMÉDICA VOL. 44 | NO. 3 | SPECIAL ISSUE 2O23 



were then utilized to train a random forest classifier. 
Galván-Tejada et al., [14] investigated the accelerometer 
signal from smart bands to identify depressive states 
based on patients' activity. A statistical feature 
extraction technique was devised, focusing on the 
temporal and spectral evolution of the signal. 
Furthermore, an intelligent feature selection method 
utilizing GA was incorporated to optimize the non-in-
vasive diagnostic process efficiently The results 
demonstrate the potential to distinguish between 
depressive states using the smart band activity signal, 
offering a preliminary and automated tool for almost 
real-time depression diagnosis at a lower computa-
tional cost to specialists.

Moreover, researchers have explored the utilization of 
motor activity in time series data to gather valuable 
insights into identifying potential cases of depression, 
among other applications. Frogner et al., [15] Initially 
employed One-Dimensional Convolutional Neural 
Networks (1D-CNN) to assess motor activity for depres-
sion detection. Subsequently, the study extended its 
scope to identify three levels of depression (no depres-
sion, mild, and severe) using the MADRS scale. The 
final model successfully predicts the MADRS scores of 
the participants.

Rodríguez-Ruiz et al.,[16] introduced a series of models 
aimed at classifying depressive and non-depressive 
episodes throughout different moments of the day 
(day, night, and full day) based on participants motor 
activity levels. The Depresjon database, containing 
activity data from both depression patients and con-
trols, was utilized in the study. Additionally, they pro-
posed a Random Forest Classifier (RFC) model for 
multiclass classification, distinguishing schizophre-
nia, depression, and healthy controls using night-time 
activity data with an impressive 98 % accuracy in 
detecting all three classes. Experimental results 
demonstrated the model efficacy in identifying epi-
sodes of depression and schizophrenia, as well as 
healthy controls, surpassing prior studies that 

employed computationally expensive algorithms such 
as CNN and Bidirectional Recurrent Neural Networks 
(BRNN), resulting in a noteworthy boost in accuracy. 
[17].

Jakobsen et al., [18] conducted a study to investigate 
the potential of various machine learning algorithms 
in distinguishing between depressed patients and 
healthy controls using motor activity time series. 
Furthermore, their research demonstrated that 
machine learning capacity to reveal hidden patterns in 
the data aligns with the conclusions drawn from previ-
ous studies utilizing both linear and nonlinear statisti-
cal methods in motor activity analysis.

Artificial Intelligence (AI), has proven to be useful 
tool for detecting cases of depression. Kour et al., [19] 

propose that unipolar depression and bipolar depres-
sion display similar clinical symptom profiles, present-
ing a considerable challenge in distinguishing between 
the two depression types. The disruptions in motor 
activity offer a potential avenue to detect pathological 
mental states and may prove valuable in addressing 
this diagnostic challenge. That is why every day, there 
is more research studying this type of data where dif-
ferent types of algorithms derived from AI have been 
implemented, as is the case with Pacheco-González et 
al., [20] conducted a comparative analysis of various 
classification techniques, including conditional infer-
ence trees, random forest, K-Nearest Neighbor, support 
vector machine, and Naïve Bayes. The study aimed to 
predict depressive states based on patients' activity, 
measured using a smart band accelerometer. 
Conversely, Raihan et al.,[21] employed a combination of 
motor sensor readings and demographic data along 
with machine learning techniques like Random Forest 
(RF), AdaBoost, and Artificial Neural Networks (ANN). 
Finally, as mentioned by Singh et al., [22], identifying 
disruptions in motoric activity could serve as a valu-
able approach to detecting pathological mental states. 
Thus, creating distinct motor activity database 
(Depresjon) containing data from patients with unipo-

41Carlos H. Espino-Salinas  et al.  Feature Selection of Motor Activity in Intervals of Time with Genetics Algorithms for Depression Detection



lar depression, bipolar depression, and healthy individ-
uals has demonstrated effectiveness in the timely 
detection of depression cases.

The objective of this research is to present an approach 
capable of objectively identifying episodes of depres-
sion by employing various AI algorithms in order to 
explore a wider range of options for detecting depres-
sion, this using a limited amount of data intelligently 
selected with genetics algorithms that reduced the 
dimensionality and redundancy of the data, it can 
obtain model capable of training simply with new 
input data and processing it to generate models adapted 
to different types of patients, in different environ-
ments. It also seeks to show that the behavior of each 
patient as well as each person is always different, 
depending on the situation or environment in which 
they find themselves, therefore, it is important to cre-
ate adaptive artificial intelligence models for each par-
ticipants to detect depression in a timely manner and 
help mental health specialist to develop a treatment for 
each degree of depression that can be found. Critical 
analysis of the current relevant literature, statement of 
the general aims of the work and the importance of the 
same. In the text of the article, the references must be 
numbered in the order that they appear.

MATERIALS AND METHODS
The methodology proposed in this work consists of 

five main stages as shown in Figure 1. Initially, the data 
are obtained from the Depresjon database. Next, in the 
second phase of the process, data pre-processing, a 
comprehensive explanation is given on how the data-
set will be organized to extract each minute as a fea-
ture from the original data obtained in the initial step. 
This arrangement enables a subsequent feature selec-
tion employing GA.  Lastly, to verify the significance of 
the chosen features, two crucial stages were under-
taken: the first involved classification analysis through 
the implementation of AI algorithms such as Logistic 
Regression (LR), Artificial Neural Networks (ANN), 
Support Vector Machine (SVM), and Decision Tree 

(DT). The second stage focused on result validation.

FIGURE 1. Proposed methodology for intelligent feature 
selection for objective detection of depressive symptoms.

Data Acquisition
The motor activity dataset comprises patient data 

monitored using an actigraph watch on the right wrist 
this measure activity using a piezoelectric accelerome-
ter. This actigraph watch, named "Actiwatch AW4”, 
measures activity levels at a sampling frequency of 32 
Hz, recording movements above 0.05 g. These move-
ments correspond to particular voltage (v) values, 
which are stored as activity counts in the Actiwatch 
memory. The count values directly correlate to the 
intensity of the movements. Continuous recording of 
total activity counts occurred at one-minute intervals, 
with the activity counts being recorded accordingly at 
the same one-minute intervals [1]. Information was 
gathered from a group of 22 psychotic patients and all 
used antipsychotic medications who were admitted to 
Hauklend University Hospital, the mean age to the first 
time of hospitalization was 24 +/- 9.3. The specialist 
diagnosed the patients using a semi structured inter-
view based on Diagnostic and Statistical Manual of 
Mental Disorders (DSM-IV) [23]. Within this group, were 
3 females and 19 males, with an average age of 42.6 
years (ranging from 27 to 69 years). As for the healthy 
control group included, it included 23 hospital employ-
ees, five students, and four individual practitioner 
clinic [18].

Data Pre-processing
To obtain a dataset consisting of a certain number of 

observations capable of being processed through AI 
techniques, a period of a week to maintain data diver-
sity was taken in one minute intervals. we reordered 
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them to identify the number of observations per partic-
ipant of study as a relation between participant-day, 
with their respective registered data.

Motor Activity Data (MAD) for each study participant 
is filed in "C" columns, spanning a full day from 00:00 
to 23:59, with each minute corresponding to its respec-
tive MAD record. These columns are then transposed 
and added to the first row of an "A" matrix, accompa-
nied by the corresponding output, where 0 indicates 
the control group, and 1 indicates the condition group 
based on the source dataset, successively. The same 
process is applied for the subsequent participating days 
until completing a week of information, resulting in a 
matrix A = [385 x 1441], including its output. The pro-
cess is explained in more detail below. 

ond indicates the day number with the accompanying 
timestamp of the motor activity record generated 
during that specific minute as shown in Equation 1. To 
obtain the total number of time intervals defined as 
characteristics corresponding to a day, a simple opera-
tion was carried out consisting of multiplying the 60 
minutes that an hour contains by the number of hours 
that a day contains to obtain, as a result, a column that 
contains 1440 rows. These rows represent the minutes 
of a day with their respective MAD record, thus defin-
ing the time range to be used.

Afterward, Following the transposition, the columns 
are reorganized to create a vector V^T, where each 
one-minute interval signifies a feature. Each vector 
corresponds to an observation per participant, culmi-
nating in a row with 1440 columns. These vectors are 
then added to the matrix “A” rows. Each participant, 
whether depressed or not (labeled as one and zero), has 
their vector extracted daily, spanning 7 days (one 
week). Each vector is appended to matrix “A” simulta-
neously with the assignment of its output label. This 
process continues for the next participants until all 55 
participants are incorporated into the new dataset con-
figuration, as illustrated in Equation (2). This setup is 
utilized for feature selection to identify the most rele-
vant minutes for depression detection.

C11	=

00:00 
00:01 
00:02  
00:03  
 00:04   

⋮
23:59 ⎣

⎢
⎢
⎢
⎢
⎢
⎡
168 v
107 v
550 v
157 v
0      v
⋮

208 v ⎦
⎥
⎥
⎥
⎥
⎥
⎤

 C12	=

00:00 
00:01 
00:02  
00:03  
 00:04   

⋮
23:59 ⎣

⎢
⎢
⎢
⎢
⎢
⎡

168 v
17 v
560 v
167 v
 23    v
⋮

280 v ⎦
⎥
⎥
⎥
⎥
⎥
⎤

       

C13	=

00:00 
00:01 
00:02  
00:03  
 00:04   

⋮
23:59 ⎣

⎢
⎢
⎢
⎢
⎢
⎡
118 v
157 v
450 v
157 v
0      v
⋮

305 v ⎦
⎥
⎥
⎥
⎥
⎥
⎤

 C14	=

00:00 
00:01 
00:02  
00:03  
 00:04   

⋮
23:59 ⎣

⎢
⎢
⎢
⎢
⎢
⎡
148 v
157 v
120 v
457 v
121 v
⋮

892 v⎦
⎥
⎥
⎥
⎥
⎥
⎤

                  

C15	=

00:00 
00:01 
00:02  
00:03  
 00:04   

⋮
23:59 ⎣

⎢
⎢
⎢
⎢
⎢
⎡
168 v
107 v
550 v
157 v
0      v
⋮

208 v ⎦
⎥
⎥
⎥
⎥
⎥
⎤

 C16	=

00:00 
00:01 
00:02  
00:03  
 00:04   

⋮
23:59 ⎣

⎢
⎢
⎢
⎢
⎢
⎡

168 v
17 v
560 v
167 v
 23    v
⋮

280 v ⎦
⎥
⎥
⎥
⎥
⎥
⎤

 

C17 =

00:00 
00:01 
00:02  
00:03  
 00:04   

⋮
23:59 ⎣

⎢
⎢
⎢
⎢
⎢
⎡
118 v
157 v
450 v
157 v
0      v
⋮

305 v ⎦
⎥
⎥
⎥
⎥
⎥
⎤

       (1) 

(2)

43Carlos H. Espino-Salinas  et al.  Feature Selection of Motor Activity in Intervals of Time with Genetics Algorithms for Depression Detection

(1)

Given the columns of the days corresponding to week 
1, we would have C11, C12, C13, C14, C15, C16, C17, where the 
first subscript indicates the week number and the sec-

										00: 00 00: 01 00: 02 00: 03 00: 04 . . . 23: 59 

V!,!# = [256v 	107	v 	550	v 		157	v 				0	v 	. . . 		208] 

V!,$# = [168	v 	17		v 	560	v 		167	v 			23		v . . . 	280]       

V!,%# = [118	v 	157	v 	450	v 		157	v 				0	v 	. . . 		305] 

V!,&# = [148	v 	157	v 120	v 		457	v 		121	v 	. . . 892] 

V'',(# = [563	v 	124	v 456	v 		321	v 		265	v 	. . . 201] 

Feature Selection
Bearing in mind that the data collected through a por-

table device known as an activewatch in intervals of 
one minute are considered here as characteristics for 
each observation, in this section, we seek to select the 
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minutes that provide the most significant information 
to generate a simple, intelligent model capable of 
detecting depression, considering that the number of 
features is much higher compared to observations, this 
process also aims to reduce redundancy and the 
amount of data to process to improve its performance.

The methodology for intelligent feature selection 
using Genetic Algorithms (GA) is shown in Figure 2.

FIGURE 2. Methodology of the GA to select the most 
important features to classify patients with depression 

using Logistic Regression (LR).

GA draw inspiration from nature, particularly the pro-
cess of natural selection. They implement a popula-
tion-based search approach grounded in the funda-
mental principle of 'survival of the fittest.' At their core, 
GAs consist of several essential components: chromo-
some representation, selection, crossover, mutation, 
and fitness function computation  [23].

In the context of the research, A library of genetic 
algorithms known as Genetic Algorithms for 
Multivariate Statistical Models from Large-Scale 
Functional Genomic Data 1.4 (GALGO) [24]. was imple-
mented. GALGO, designed specifically for the R pro-
gramming language, serves the purpose of selecting 
models with high fitness. This process begins by creat-
ing a random population of features with a specified 
size (n). These features are evaluated using a fitness 
function to assess their ability to classify the depen-
dent variable, typically yielding an accuracy value.

For the specific task of depression detection, we uti-
lized the logistic function as our classification method. 
In our study, the genetic algorithm iteratively explores 
and evolves combinations of genes (intervals of time) 
from a dataset comprising two classes. The goal is to 
identify features that effectively distinguish between 
these classes using the logistic regression (LR) method 
over 500 generations, considering 1000 possible solu-
tions, and aiming for a fitness level of 95 %. As a result, 
the intervals of time obtained represent the most rele-
vant contributors to the processed dataset. They are 
consistently favored within the intelligent models gen-
erated by the GA, demonstrating superior performance 
in classifying subjects.

Classification Analysis
Before starting the analysis of the dataset, a z-score 

normalization process is applied to the MADs to con-
tain outliers as their variation in some time intervals 
can be significant. This normalization also speeds up 
the training time for each function within the same 
scale and is especially beneficial for modeling applica-
tions where the inputs often have varying scales. The 
mean and standard deviations are calculated for each 
feature [25], as shown in Equation 3. Then generate 
binary classification models since the data contains 
two possible classes as output, depressed (represented 
as 1) and not depressed (represented as 0). The tech-
niques used to develop the models are ANN, LR, DT, 
and SVM. Finally, a comparison of the performance of 
these techniques was applied. 

𝑍𝑍! =
"!#"̅
%

      (3)     

The artificial neural network consists of two multi-
layer perceptron (4, 2) and an output layer with a logis-
tic activation function. On the other hand, the parame-
ters established for the classification SVM are a linear 
kernel with a cost of 1.

The process for the development of the models con-
sists in two steps, training, and testing. Therefore, the 

(3)



data were randomly subsampled into two sets, one for 
each step. The dataset encompassed 80 % of data for 
training process, while the remaining 20 % was 
reserved for testing.   

Validation
These parameters comprise accuracy, sensitivity, 

specificity, The Receiver Operating Characteristic 
Curve with the Area Under the Curve (ROC/AUC), and 
the F1-Score.

Accuracy (Acc) is a performance criterion that indi-
cates the degree to which the outcome of a calculation 
aligns with the correct value [13]. as represented in 
Equation (4).

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(1 − 𝐸𝐸𝐴𝐴𝐴𝐴𝐸𝐸𝐴𝐴) =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝐶𝐶𝑇𝑇 + 𝐶𝐶𝑇𝑇 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑃𝑃

𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑃𝑃 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

𝐹𝐹! =
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ⋅ 𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟𝑟𝑟𝑟𝑟
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟𝑟𝑟𝑟𝑟 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(1 − β) =
𝑇𝑇𝑇𝑇
𝐶𝐶𝑇𝑇 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(1 − α) =
𝑇𝑇𝑇𝑇
𝐶𝐶𝑇𝑇 

(4)

(5)

(6)

(7)

(8)

(9)

In this context, TP represent True Positives,  TNstands 
for True Negatives, CP denotes Truly Positive, and CN 
indicates Truly Negative.

The accuracy of a classifier encompasses other crucial 
aspects like precision, which refers to the number of 
correctly detected targets among all the targets 
detected. Additionally, there exists a relationship 
between the number of correctly detected targets and 
all known true targets, known as recall, as shown in 
Equations (5) and (6). 

the harmonic mean of precision and recall [26], as shown 
in Equation (7).

Sensitivity, is the ability to accurately identify data 
with depressed symptoms, represents the number of 
condition participants correctly identified [27]. It is cal-
culated using Equation (8).

Specificity, referring to the ability to identify data 
without the condition as healthy, measures the pro-
portion of negative samples that are accurately classi-
fied as such [28]. It is calculated using the following 
Equation (9).

The ROC curve is a commonly used method for eval-
uating machine learning models. It provides a visual 
representation of the classifier performance, enabling 
the selection of an appropriate operating point, 
referred to as the decision threshold, along with the 
AUC value [29]. The AUC can be calculated through inte-
gration, as shown in Equation (10).
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FP is False Positive, and FN is False Negative.

The measure that takes into account both precision 
and recall to evaluate the classification capability of an 
algorithm is referred to as the F1-Score. It is defined as 

𝐴𝐴𝐴𝐴𝐴𝐴 =%(1 − β! ⋅ Δα)
!

+
1
2
[Δ(1 − β) ⋅ Δα] (10)

RESULTS AND DISCUSSION
In this section, we explain the performed experi-

ments and discuss the results.

Initially, Figure 3 shows the motor activity of 
depressed and non-depressed people throughout the 
day, extracted from the research paper entitled: Two-
Dimensional Convolutional Neural Network for 
Depression Episodes Detection in Real Time Using 
Motor Activity Time Series of Depresjon Dataset [30]. As 
evident from the data, a significant distinction 
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between the two cases can be observed, with a notice-
able decrease in movement observed among depressed 
individuals. The data was collected for each of the 55 
participants under study (32 healthy and 23 depressed) 
for a week. Each day was treated as an individual 
observation for each participant, resulting in a total of 
385 observations, providing enough data to develop a 
classification model for episodes of depression. This 
was achieved by multiplying the number of patients 
by the number of days in a week (55X 7).

FIGURE 3. Samples collected with Actiwatch from both a 
non-depressed and a depressed subject of the Depresjon 

database [30].

FIGURE 4. Most relevant features obtain out of the Genetic 
Algorithm.

Different artificial intelligence techniques were 
applied and validated with different metrics obtaining 
the following results. The ANN has an accuracy of 0.74, 
DT has 0.73, SVM obtained a performance of 0.81, and 
LR 0.83. Considering that logistic regression presents 
the best level of accuracy, it can be concluded that this 
technique can correctly classify a greater number of 
test participants than the others. To know the number 
of true positives and true negatives, as well as false 
positives and false negatives that were obtained by the 
different implemented algorithms, Table 1 shows the 
results of their confusion matrices which is often 
applied in machine learning to evaluate or visualize 
the model behavior in supervised classification sce-
narios [31]. Additionally, we add the Matthews 
Correlation Coefficient (MCC) which is a more reliable 
statistical index that produces a high score only if the 
prediction obtained good results in the four categories 
of the confusion matrix [32] and also the Kappa 
Correlation Coefficient (KCC) which is a metric to sum-
marize the agreement between two nominal classifi-
cations, based on the same categories [33]. 

The dataset comprises 385 observations, each con-
taining 1440 minutes. Following the feature selection 
process, the most significant features were chosen, 
specifically: 15:43, 15:41, 12:11, 7:25, 15:40, 7:29, and 
12:15, as depicted in Figure 4. The graph illustrates the 
frequency of appearance for each feature, with the 
highest-ranked features displayed in black. 

TABLE  1. Confusion matrix values and coefficient 
correlation. 

ML 
Algorithm 

Results of the algorithms with the test data set 
FP FN TP TN MCC KCC 

SVM 5 9 27 36 0.635 0.632 
LR 5 8 27 37 0.659 0.660 
DT 11 11 21 34 0.411 0.411 

ANN 8 10 24 35 0.523 0.523 
 

The Results of the different validation metrics imple-
mented to know the performance of classification 
models are shown in Table 2, where the values of accu-
racy, AUC, F1-Score, sensitivity, and specificity are 
specified.

TABLE  2. Validation Results with AG Features Selection. 
Validation 

Metrics 
Artificial Intelligence Algorithms 

SVM LR DT ANN 
Accuracy 0.81 0.83 0.71 0.76 

AUC 0.82 0.83 0.70 0.76 
F1-Score 0.83 0.85 0.75 0.80 

Sensitivity 0.87 0.90 0.75 0.81 
Specificity 0.75 0.75 0.65 0.70 

 

 



FIGURE 5. ROC curves of the SVM algorithm.

As can be seen in the results of the previous table, we 
can notice that the specificity values are lower in all 
the models generated to detect cases of depression, 
this is due to a class balancing problem since there are 
more data from healthy study participants than with a 
certain degree of depression, but regardless of this 
phenomenon and considering the limited number of 
observations, the algorithms used and the small num-
ber of features used, the results are favorable.

On the other hand, the ROC curves that graphically 
show the relationship between the sensitivity and 
specificity of the classification models generated when 
applied to a set of test data. This next image gives us a 
picture of the extent to which the study participants 
(healthy and depressed) are classified correctly.

First, in Figure 5 shows the performance obtained by 
the SVM algorithm to classify the participants, the 
model was subjected to a detailed analysis through the 
construction of a Receiver Operating Characteristic 
(ROC) curve and several key results were obtained 
indicating its predictive ability. The AUC was calcu-
lated to be 0.822, with a 95% confidence interval 
between 0.722 and 0.921. This AUC value, which is 
closer to 1 than 0, suggests that the model has a robust 
ability to discriminate between classes, indicating 
promising performance.

Secondly, A comprehensive analysis of the LR model 
was also carried out in the same classification context. 
Figure 6 illustrates the performance achieved by the 
LR algorithm in classifying the participants.

 For the LR model, the AUC was calculated to be 
0.838, with a 95 % confidence interval between 0.751 
and 0.926. This AUC value, which is even closer to 1 
than that obtained with the SVM model, reinforces the 
ability of the Logistic Regression model to effectively 
distinguish between the classes of interest. The high 
AUC is a strong indication of its predictive perfor-
mance.

Comparing the results of both models, we observed 
that the Logistic Regression model obtained a slightly 
higher AUC (0.838) compared to the SVM model 
(0.822). This difference might suggest that the Logistic 
Regression model performs marginally better on this 
particular classification task. However, it is important 
to note that the choice between these models could 
depend on other factors, such as interpretability and 
simplicity of the model.
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FIGURE 6. ROC curves of the LR algorithm.

Figure 7 depicts the performance attained through 
the DT algorithm for participant classification. 
Although the AUC is lower compared to the previous 
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FIGURE 7. ROC curves of the DT algorithm.
FIGURE 8. ROC curves of the ANN algorithm.

models (SVM and Logistic Regression), it is still in a 
range that suggests some discriminative ability. 
However, this AUC value indicates that the Decision 
Tree model may have more limited predictive perfor-
mance in this particular task.

sider the limitations of the model and future areas of 
research, such as the optimization of classification 
thresholds, to maximize its usefulness in the real 
world.

In the framework of the research, the performance of 
an Artificial Neural Network (ANN) model as shown in 
Figure 8 was also evaluated in the classification task, 
along with SVM, Logistic Regression and Decision Tree 
models. When we compare the AUC of the ANN model 
(0.764) with the SVM (0.822) and Logistic Regression 
(0.838) models, we observe that ANN is in an interme-
diate position in terms of discrimination ability. 
Although it does not outperform the previous models 
in AUC, its performance is competitive and can be con-
sidered for applications where interpretability is not 
the main concern.

In summary, the results of the ROC curves of the 
models are highly promising. The high AUC, the bal-
ance between sensitivity and specificity, and the low 
false positive and false negative rate suggest that the 
model is an effective tool in the classification task 
studied. These results have important implications in 
the context of developing tools to support the diagno-
sis of depressive episodes, and could be valuable for 
clinical applications. However, it is important to con-

One of the assumptions that could not be omitted is 
where these algorithms were tested with all the fea-
tures proposed in this research work; that is why we 
proceeded to a phase where the algorithms used the 
1440 features to know their performance; the results 
are shown in Table 3 and Table 4. 

TABLE  3. Confusion matrix values and coefficient correlation 
with 1440 Features.

TABLE  3. Validation Results with 1440 Features

 
ML 

Algorit
hm 

Results of the algorithms with the test data set 

FP FN TP TN MCC KCC 
SVM 9 16 23 29 0.358 0.352 
LR 16 20 16 25 0.054 0.054 
DT 10 18 22 27 0.283 0.277 

ANN 10 15 22 30 0.349 0.346 
 

 
Validation 

Metrics 
Artificial Intelligence Algorithms 

SVM LR DT ANN 
Accuracy 0.67 0.53 0.63 0.67 

AUC 0.68 0.52 0.64 0.67 
F1-Score 0.69 0.58 0.65 0.70 

Sensitivity 0.76 0.60 0.72 0.75 
Specificity 0.58 0.44 0.55 0.59 

 

 



TABLE  5. Comparative performance with state of the art. 
Author Features Technique Acc. 

Garcia-Ceja et al. 
[1] 

Feature 
vector  

SVM 0.72 

Frogner et al. 
 [15] 

Feature 
Vector 

1D-CNN 0.71 

Jakobsen et al.  
[18] 

Statistical 
Features 

CNN 0.84 

Kumar et al. [34] Statistical 
Features 

CNN 0.85 

Rodríguez-Ruiz 
et al. [16] 

Statistical 
Features 

RFC 0.98 

Ghate et al. 
[35] 

Statistical 
Features 

Transfer 
Learning 

0.96 

Zakariah et al. 
[36] 

Statistical 
Features 

Deep 
Neural 

Network 

0.99 

 

 

Results presented in the previous table are not as 
favorable with those presented in Table 2. This is an 
indicator of the importance of an intelligent feature 
selection phase that prevents the process of analysis 
and processing of the information to have better 
results, avoiding overfitting, reducing redundancy, 
and selecting the most significant data. 

Although there are currently several investigations 
that have obtained very important results in the detec-
tion of depression, the simplicity of the process devel-
oped in this research is a very important aspect to 
consider since the results obtained through an algo-
rithm such as logistic regression and reduced number 
of data contrast with the methodological approach 
used in state of the art. Table 5. shows the results 
obtained from the most recent research as well as the 
features used as source data related to the data set 
used in this work.

a novel feature selection method using Genetic 
Algorithms (GA), which has not been employed with 
the Depression Dataset before. The primary objective 
is to reduce data volume without sacrificing critical 
information for identifying depressive states while 
also mitigating data redundancy.

Additionally, the achieved accuracy provides an ini-
tial step toward the development of more efficient 
models in terms of time and computational cost. 
Lastly, it's important to note that the obtained results 
hold statistical significance compared to the existing 
literature, despite the limited amount of processed 
data and the unique methodology proposed in this 
study

The proposal offers an innovative optimization 
approach for future work in developing algorithms, 
methodologies, and tools to aid in the detection of 
depression.

CONCLUSIONS
Artificial intelligence algorithms such as LR, sup-

ported by an objective feature selection method such 
as GA, allowed the efficient generation of a model 
capable of detecting depression with 83.0 % accuracy 
using only a few time intervals at different times of the 
day as a data source. The time intervals that showed 
significant information to generate models capable of 
detecting depression were: 15:43, 15:41, 12:11, 7:25, 
15:40, 7:29, and 12:15 of a 24 Hrs. time system. Based 
on these findings, it can be inferred that the method-
ology introduced in this paper facilitates automatic 
and objective depression detection through various 
artificial intelligence approaches, achieving notewor-
thy accuracy with a set of seven features derived from 
patients' motor activity. As a result, this preliminary 
development of an assisted diagnostic tool emerges, 
offering potential assistance in mitigating the elevated 
error rates associated with diagnosing this condition. 
However, in this research, we assume that adding 
other variables such as type of diet, family history, 
sex, age, place of birth, and habits and implementing 
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The table above reveals several noteworthy observa-
tions. Firstly, many previous studies employ consider-
ably more intricate methodologies to enhance depres-
sion identification through motor activity. These 
approaches often involve extracting a multitude of 
statistical features, resulting in a substantial increase 
in the number of variables for analysis, processing, 
and the creation of classification models. This research 
aims to make a significant contribution by introducing 
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these algorithms in a real environment to test their 
efficiency and improve his learning could help in the 
future to improve the diagnosis of this mental illness.

As part of future work, there is a suggestion to aug-
ment the number of experimental observations to 
present more robust results with a greater diversity of 
data, including the increase of variables other than 
motor activity. In addition, it is proposed to implement 
deep learning like convolutional neural networks in 
smart devices capable of monitoring the objects of 
study in different circumstances or recurrent neural 
networks to detect depression early and allows a pre-
vention strategy.
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RESUMEN
Este estudio propone un sistema de cribado primario para diagnosticar la sarcopenia en adultos mayores a través de 
medidas antropométricas. Esta investigación exploratoria involucró inicialmente a 150 personas de edad avanzada, 
de las cuales 122 fueron seleccionadas después de un proceso de depuración de datos. Empleando técnicas de 
aprendizaje automático como el agrupamiento jerárquico y los árboles de decisión, se redujeron las 13 medidas 
antropométricas originales a cinco características clave. Se crearon tres sistemas de clasificación: el primero basado 
en parámetros previamente establecidos (masa muscular apendicular, velocidad de marcha y fuerza de agarre); el 
segundo consideró medidas de las extremidades superiores (masa muscular promedio de ambos brazos, fuerza de 
agarre, velocidad de marcha y porcentaje de grasa corporal); y el tercero se centró en las medidas de las extremidades 
inferiores (masa muscular promedio de ambas piernas, fuerza de agarre, velocidad de marcha y porcentaje de 
grasa corporal). Estos sistemas de clasificación se validaron clínicamente en un grupo de 57 pacientes previamente 
diagnosticados por especialistas, de los cuales 10 recibieron un diagnóstico positivo de sarcopenia. Los resultados 
mostraron eficiencias similares en los tres sistemas, con ocho de los diez diagnósticos positivos conocidos clasificados 
en el mismo grupo. Además, el estudio proporciona puntos de corte específicos para cada sistema, facilitando así el 
diagnóstico clínico de la sarcopenia por parte de profesionales médicos.

PALABRAS CLAVE: clustering jerárquico, medidas antropométricas, personas adultas mayores, Random Forest, 
sarcopenia
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ABSTRACT
This study proposes a primary screening system for diagnosing sarcopenia in older adults through anthropometric 
measures. This exploratory research initially involved 150 elderly individuals, of whom 122 were selected after a 
data purification process. Using machine learning techniques such as hierarchical clustering and decision trees, 
the original set of 13 anthropometric measures was reduced to five key features. Three classification systems were 
created: the first based on previously established parameters (appendicular muscle mass, walking speed, and grip 
strength); the second considered upper limb measures (average muscle mass of both arms, grip strength, walking 
speed, and body fat percentage); and the third focused on lower limb measures (average muscle mass of both legs, 
grip strength, walking speed, and body fat percentage). These classification systems were clinically validated in a 
group of 57 patients previously diagnosed by specialists, of which 10 received a positive sarcopenia diagnosis. The 
results showed similar efficiencies in all three systems, with eight of the ten known positive diagnoses classified in 
the same group. Additionally, the study provides specific cut-off points for each system, thus facilitating the clinical 
diagnosis of sarcopenia by medical professionals.

KEYWORDS: anthropometric measures, elderly people, hierarchical clustering, Random Forest, sarcopenia
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INTRODUCCIÓN
En la actualidad, las mejoras en la atención de los sis-

temas de salud, los avances médicos y los programas de 
planificación familiar han contribuido a incrementar la 
expectativa de vida en países emergentes como México 
[1]. Sin embargo, al prolongarse la esperanza de vida, se 
ha vuelto cada vez más frecuente que los sistemas de 
salud brinden atención a pacientes que sufren de con-
diciones asociadas con el envejecimiento natural, las 
cuales pueden tener un impacto negativo importante 
en sus vidas [2].

La sarcopenia es una enfermedad progresiva y genera-
lizada del músculo esquelético, caracterizada por una 
disminución de la fuerza, de la masa muscular y, final-
mente, del rendimiento físico y se asocia al envejeci-
miento [3]. Además, en personas adultas mayores, la 
sarcopenia está relacionada con la degradación pro-
teica de los músculos, procesos inflamatorios, altera-
ciones hormonales y comorbilidades [4]. La disminución 
de la masa muscular suele tener como consecuencia 
una reducción en la capacidad de las personas para 
desarrollar actividades de la vida cotidiana, aspectos 
como la velocidad de marcha o la capacidad para suje-
tar objetos que dependan de la fuerza de agarre [5]. De 
acuerdo con el grado de deterioro, la sarcopenia puede 
clasificarse como pre-sarcopenia, sarcopenia y sarco-
penia severa que, en su estadio más severo, las afecta-
ciones producidas por la sarcopenia pueden afectar la 
vida de las personas o inducir caídas o fracturas, que 
pueden llevar al fallecimiento prematuro [6].

En años recientes, diversos avances tecnológicos han 
facilitado el diagnóstico de la sarcopenia. Esta capaci-
dad de diagnóstico se fundamenta en la detección de 
cambios en la composición corporal mediante técnicas 
como la medición de la bioimpedancia bioeléctrica, la 
resonancia magnética o las tomografías computariza-
das [7]. Sin embargo, en muchos casos, el costo relativo 
de los equipos de medición es demasiado alto para la 
mayoría de los hospitales o clínicas.

Esta problemática ha sido abordada por diversos gru-
pos de trabajo que han identificado características y 
valores de referencia para el diagnóstico primario de 
sarcopenia. La Tabla 1 muestra los principales estudios 
que recopiló Aquiles et al. en [8].

En la segunda, tercera y cuarta columna reporta las 
medidas antropométricas y puntos de corte como: FPP: 
Fuerza de presión palmar en kg; IMMA: Índice de masa 
muscular apendicular en kg*m-2; MA/IMC: corresponde 
a Masa apendicular sobre Índice de masa corporal, adi-
mensional, MMA: Masa muscular apendicular en kg*m-2; 

 

 
Grupo de 
trabajo 

Masa 
muscular 

Fuerza 
muscular 

Rendimiento 
físico 

Grupo 
Europeo de 
Trabajo 
sobre 
Sarcopenia 
en Personas 
Mayores  

MMA: 
 < 20 en 
hombres 
y  
< 15 en 
mujeres 

FPP: 

 ≤ 27 en 
hombres y  
< 16 en 
mujeres 

VC < 0.8 en 
hombres y 
mujeres 

Grupo 
Asático de 
Trabajo 
sobre 
Sarcopenia 
en Personas 
Mayores  

IMMA: 

 ≤ 7 en 
hombres  
y 

≤	 5.4 en 
mujeres 

FPP: 
 < 26 en 
hombres 
y 
 < 18 en 
mujeres 

VC ≤ 0.8 en 
hombres y 
mujeres 

Fundación 
para el 
Instituto 
Nacional de 
Salud 

MA/ IMC: 
<0.789 en 
hombres y 
<0.512 en 
mujeres 

FPP:  
< 26 en 
hombres 
y  
<16 en 
mujeres 

VC ≤ 0.8 en 
hombres y 
mujeres 

Grupo con 
interés 
especial 

≤ 2 
desviaciones 
estándar del 
promedio 
del 
porcentaje 
de masa 
muscular 

No se 
considera 

VC ≤ 0.8 en 
hombres y 
mujeres 

Grupo 
internacional 
de 
sarcopenia  

IMME  
< 7.23 en 
hombres 
y  
<5.67 en 
mujeres 

No se 
considera 

VC < 1.0  

Sociedad de 
Sarcopenia y 
Caquexia 

≤ 2 
desviaciones 
estándar del 
promedio de 
MA/altura 
evaluada  

No se 
considera 

TC6M < 400 

 

TABLA 1. Diagnóstico primario de sarcopenia.
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TC6M: Test de caminata de 6 minutos; VC: velocidad de 
caminata en m*s-1.

Si bien, la medición de parámetros antropométricos 
involucra un costo inferior a las técnicas computacio-
nales mencionadas, los puntos de corte de los paráme-
tros antropométricos (los valores críticos que definen 
los umbrales en los que puede considerarse que una 
medición es anómala) difieren entre estudios debido a 
las características de las muestras evaluadas [9]. Esta 
variabilidad limita el uso de estos puntos de corte a 
muestras en las que las etnias de los participantes coin-
cidan con la de las personas que se usaron para obte-
nerlos. Además, dado que la sarcopenia es una enfer-
medad multifactorial, su diagnóstico puede confun-
dirse con síndromes metabólicos, neuromusculares y 
reumáticos [10]. En México, Espinel en [11] emplearon una 
base de datos conformada por 5046 registros de adultos 
mayores en el 2012 e identificaron, sin puntos de corte, 
que las mujeres son más propensas de adquirir sarco-
penia y este riesgo incrementa con la edad, caídas pre-
vias, deterioro cognitivo, obesidad abdominal y alta 
marginación.

En este contexto, la Inteligencia Artificial (IA) ha 
emergido como una herramienta para el diseño de sis-
temas que emulan la inteligencia humana que ayude 
en la toma de decisiones a los especialistas de la salud, 
así como la creación de modelos predictivos de diag-
nósticos clínicos [12]. Dentro de las aplicaciones en el 
área de ingeniería médica y biomédica, los árboles de 
decisión permiten crear modelos predictivos a partir de 
registros históricos de pacientes que previamente fue-
ron diagnosticados con padecimientos o enfermedades 
[13] como apendicitis aguda, cáncer de mama, hepatopa-
tía crónica [14]. Sin embargo, esta técnica es susceptible 
a la cantidad de variables evaluada y la variabilidad de 
cada registro. 

Esta problemática fue abordada por Breiman en [15], 
que propuso la creación y combinación de los mejores 
árboles de decisión que permiten incrementar la preci-

sión del modelo predictivo, esta técnica es conocida 
como Random Forest. 

En el área de geriatría, Random Forest ha sido aplicado 
en beneficio de las personas adultas mayores para iden-
tificar la sintomatología y puntos de cohorte de perso-
nas con sarcopenia a través de biomarcadores molecu-
lares [16], parámetros bioquímicos [17], daño muscular [18].

Si bien la IA es capaz procesar grandes volúmenes de 
información y desempeña un papel fundamental en la 
investigación médica, a menudo nos enfrentamos a un 
dilema ético y práctico. En muchos casos, los partici-
pantes pueden sentirse utilizados o preocupados por la 
invasión de su privacidad al compartir un gran número 
de datos personales o médicos y, en consecuencia, se 
niegan a participar en estos estudios [19]. 

Dada la importancia de ofrecer calidad de vida a las 
personas adultas mayores, este trabajo reporta una 
metodología basada en la depuración de una base de 
datos, la clasificación y la construcción de un modelo 
predictivo basado en registros históricos, para el diag-
nóstico primario de sarcopenia empleando medicio-
nes antropométricas, así como su validación respecto 
a estrategias reportadas en la literatura abierta. A 
diferencia de otras propuestas, este trabajo evalúa 
variables ajenas a la medición en personas adultas 
mayores que carecen de alguna o algunas extremida-
des o se encuentran postradas. Asimismo, se propo-
nen los puntos de corte en una muestra de la pobla-
ción de personas adultas mayores del estado de 
Colima, México. 

MATERIALES Y MÉTODOS
Este trabajo se realizó en tres etapas: i) la identifica-

ción de los participantes y la recolección de variables 
antropométricas, ii) la depuración de los datos a partir 
de herramientas estadísticas y iii) la categorización de 
los participantes en función de las variables antro-
pométricas. Los detalles de cada etapa se mencionan 
a continuación:
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TABLA 2. Mediciones registradas para la base de datos. 

Identificación y recolección de datos
Durante el 2021, como parte de un estudio longitudi-

nal, profesorado del área de ciencias de la salud del 
estado de Colima capacitó a un grupo de estudiantes de 
ambos géneros adscritos a la Facultad de Medicina de 
la Universidad de Colima, quienes acudieron al Centro 
de Asistencia Social de Día para Personas Adultas 
Mayores Zona Oriente del DIF Estatal Colima ubicado 
en la zona metropolitana Colima-Villa de Álvarez, 
donde invitaron a personas adultas mayores a partici-
par en el estudio. Dicho estudio tuvo como objetivo 
comprender el envejecimiento patológico en la pobla-
ción adulta mayor, así como el impacto que tuvo el cese 
de actividades recreativas tras el periodo de contingen-
cia por la COVID-19; dicha propuesta contó con la apro-
bación del Comité de Ética en Investigación de una 
institución de salud que cuenta con registro ante la 
Comisión Nacional de Bioética (CEICANCL08012021-
MARCOGP-01). Los datos generados de dicha investi-
gación se encuentran en un repositorio, el cual puede 
ser compartido a través de un convenio de colaboración 
con el grupo de investigación de la Universidad de 
Colima.

Para ofrecer una propuesta que cumpla con los princi-
pios éticos y evitar sesgos en los resultados, se realizó 
un filtro primario de personas adultas mayores que 
cumplieran características como edad igual o superior 
a 60 años cumplidos. En cambio, no se tomaron como 
participantes aquellos que se desplazaban en sillas de 
ruedas o tenían prótesis en brazos o piernas.

Con base en lo anterior, 150 participantes cumplieron 
con los requisitos y firmaron un acuerdo de consenti-
miento informado que indicaba el objetivo del pro-
yecto, las actividades que se comprometían a realizar, 
así como los riesgos de su participación. Asimismo, 
para asegurar la ética del proyecto, la propuesta se 
sometió bajo los principios éticos de la Declaración de 
Helsinki y ante la Comisión Nacional de Bioética de 
México [20], en la que los autores se comprometieron a 
mantener la confidencialidad y privacidad de los datos, 

así como la equidad e imparcialidad y la transparencia 
en la selección de los participantes para evitar sesgos 
en el análisis y presentación de resultados. Cada per-
sona adulta mayor que cumplió con los requisitos y 
manifestó su interés de manera voluntaria fue incluida 
en el estudio.

 

 

Variable Unidad de 
medida Equipo de medición 

Sexo variable 
categórica Entrevista 

Edad años Entrevista 
Estatura m Estadímetro 

Peso medido kg Balanza de 
bioimpedancia 

Grasa 
corporal total % 

Monitor de 
composición 

corporal  
Masa 

muscular 
total (MUS) 

kg 
Monitor de 

composición 
corporal  

Masa 
muscular en 

pierna 
izquierda y 

derecha (MPI 
y MPD) 

kg 
Monitor de 

composición 
corporal 

Masa 
muscular en 

brazo 
izquierdo y 

derecho (MBI 
y MBD) 

kg 
Monitor de 

composición 
corporal 

Masa 
muscular en 
zona central 

(MC) 

kg 
Monitor de 

composición 
corporal 

Circunferenci
a media de 

brazo (CMB) 
cm Cinta métrica 

Circunferenci
a media de 
pantorrilla 

(CMP) 

cm Cinta métrica 

Fuerza de 
agarre en 

brazo 
izquierdo y 

brazo derecho 
(FIZ y 
FDER) 

kg fuerza Dinamómetro 

Velocidad de 
Marcha 

(Marcha) 
m*s-1 Cinta métrica 

Cronómetro 
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A cada persona adulta mayor que cumplió con los 
requerimientos se le asignó un número de folio para 
garantizar la confidencialidad de sus datos y como pri-
mera actividad, el personal de apoyo solicitó a los par-
ticipantes que proporcionaron sus datos demográficos, 
medidas antropométricas y pruebas de función muscu-
lar. La Tabla 2 muestra las variables registradas, unida-
des de medida y equipo empleado en este estudio.

Las variables de la Tabla 2 se registraron en una hoja 
de cálculo de Excel. Además de estas variables se calcu-
laron también los índices de masa corporal (a partir del 
peso total y la altura), de masa muscular en la zona 
central (definido como la masa muscular del tronco 
dividido entre la altura al cuadrado) y de masa muscu-
lar apendicular (a partir de la suma de masa muscular 
brazos y piernas dividida entre la altura al cuadrado), 
todos en unidades de kg*m-2.

Depuración de datos
   En esta etapa, se implementó la metodología pro-

puesta por Osborne en [21] para la depuración de datos. 
Esta metodología destaca la importancia de seguir cier-
tos pasos para asegurar la calidad de los datos antes de 
su análisis. El procesamiento de la información se llevó 
a cabo en Google Colab, una plataforma gratuita en 
línea que permite ejecutar código en la nube.

Reducción de
variables

Varianza de
datos 

Mapa de
correlación

coef.
=>0.015

Curado de
datos

Datos
atípicos

No

No

Sí

coef
=>0.7

Base de
datos

Variables no
reportadas

Descartar
datos

Base de
datos

Sí

FIGURA 1. Diagrama de flujo de la depuración de datos.

La Figura 1 esclarece el proceso de depuración de 
datos, que se inició con la identificación y exclusión de 
participantes cuyos registros carecían de información 
completa de las variables detalladas en la Tabla 2. 
Inicialmente, la base de datos original se redujo a 144 
participantes una vez que se eliminaron los registros 
incompletos. Posteriormente, se llevó a cabo la identifi-
cación de datos atípicos empleando diagramas de caja y 
bigotes, herramientas que facilitan la visualización de 
la distribución de los datos y permiten la detección de 
valores que se hallan fuera del rango esperado [22]. 
Aquellos registros que presentaron valores atípicos 
fueron excluidos, lo que resultó en una base de datos 
depurada con 122 pacientes (con una edad promedio 
de 71.8 años y una desviación estándar de 6 años). El 
personal de salud en atención primaria evaluó los 
resultados de las pruebas clínicas en un total de 64 
pacientes, aunque no fue posible completar el diagnós-
tico para toda la muestra debido a limitaciones logísti-
cas. La mayoría de los pacientes, que formaban un 
grupo de 52 individuos de ambos géneros, recibieron 
un diagnóstico negativo, en contraste con un grupo 
más reducido de 12 pacientes, en su mayoría mujeres, 
que obtuvieron un diagnóstico positivo. Para asegurar 
la integridad de los análisis, se excluyeron a los pacien-
tes con datos faltantes o valores atípicos. Esto resultó 
en dos grupos finales: 47 pacientes con diagnóstico 
negativo (compuestos por 33 mujeres y 14 hombres) y 
10 pacientes con diagnóstico positivo confirmado (9 
mujeres y 1 hombre).

Una vez depurada la base de datos, se procedió a redu-
cir las mediciones registradas para el diagnóstico de 
sarcopenia, siguiendo la metodología de “reducción de 
dimensionalidad” [23]. Este proceso, se llevó a cabo en 
dos fases. En la primera fase se analizó la varianza de 
cada una de las variables cuantitativas. De acuerdo con 
la reducción de dimensionalidad, se considera que las 
variables con las varianzas normalizadas más peque-
ñas son menos eficientes en la clasificación de pacien-
tes a través de sus diferencias. En el caso de la muestra, 
se observó que la variable cuantitativa de “Edad” tiene 
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una varianza normalizada mucho menor al resto, por lo 
que fue eliminada de la lista original de variables. Este 
resultado es consistente por el reportado por Lera en [24] 
quienes identificaron mayor prevalencia de sarcopenia 
en personas adultas mayores a 80 años que radican en 
Chile. 

En la segunda fase, se evaluó la correlación entre las 
variables de la Tabla 2 utilizando el coeficiente de 
correlación de Spearman. A partir del mapa de correla-
ción resultante, se eliminaron aquellas variables que 
tuvieran un índice de correlación mayor 0.7, siguiendo 
la propuesta de la eficiencia de un proceso de clasifica-
ción no se ve comprometido si se eliminan variables 
que estén altamente correlacionadas con otras [25]. El 
resto de las variables fueron consideradas como la lista 
de variables con las que se continua en el proceso de 
clasificación de la base de datos depurada.

Clasificación de datos y modelo predictivo
Una vez concluido el proceso de depuración de datos, 

se procedió a la clasificación de estos y a la construc-
ción del modelo predictivo. En particular, los modelos 
predictivos construidos por IA, han reportado alto des-
empeño en el análisis de imágenes en el diagnóstico de 
diferentes tipos de cáncer y prognosis [26], reducen ses-
gos y subjetividad al evaluar al paciente [22], capacidad 
de procesamiento de información para la construcción 
de modelos predictivos cualitativos y cuantitativos 
basados en registros históricos de pacientes que com-
parten la misma sintomatología de una enfermedad [23], 
entre otros. 

Como actividad previa a la implementación de la IA 
como herramienta para apoyar al especialista de la 
salud en la toma de decisiones se recomienda desarro-
llar la metodología propuesta por Azar y El-Metwally en 
[27]. La descripción general se reporta en la Figura 2 y los 
detalles de cada elemento se mencionan a continua-
ción:

La Figura 2, en su primera columna titulada 

“Agrupamiento de Pacientes”, muestra cómo se agru-
paron a los participantes con características similares. 
Usamos una técnica llamada clustering jerárquico aglo-
merativo [28]. El clustering jerárquico aglomerativo es 
utilizado para agrupar objetos o puntos de datos de 
manera jerárquica. Inicialmente, cada punto se consi-
dera un clúster independiente y, mediante el cálculo de 
la distancia entre este punto y el resto, todos aquellos 
puntos que estén a una distancia menor se incluyen 
como parte del mismo clúster en la siguiente iteración. 
El clustering jerárquico aglomerativo es utilizado para 
agrupar objetos o puntos de datos de manera jerár-
quica. Inicialmente, cada punto se considera un clúster 
independiente y, mediante el cálculo de la distancia 
entre este punto y el resto, todos aquellos puntos que 
estén a una distancia menor se incluyen como parte del 
mismo clúster en la siguiente iteración. Dos paráme-
tros que deben definirse para aplicar este algoritmo son 
la distancia y el tipo de enlace. En este contexto se optó 
por usar la “distancia euclidiana” y el “enlace de 
Ward”. Esta combinación de distancia y métrica es 
efectiva para formar clústeres densos y cohesivos, lo 
que facilita la identificación de grupos bien definidos 
en aplicaciones como el estudio de sarcopenia. Esta 
técnica se ha empleado en el ámbito médico para diag-
nosticar enfermedades y comorbilidades en adultos 
mayores [29]. Tanto el algoritmo de clustering jerárquico 
como el tipo de distancia y enlace para su creación 
están contenidos dentro de la librería de Python “Sci-
kit-learn” [30]. Esta librería es una herramienta gratuita 
y abierta para el aprendizaje automático que incluye 
funciones para tareas como clasificación, regresión, 
clustering y reducción de dimensionalidad [31].

Para determinar el número ideal de clústeres, se 
emplearon las técnicas del método del codo y el análi-
sis de inercia, tal como se detallan en el trabajo de 
Castañeda en [32]. Además, se llevó a cabo un análisis de 
hipótesis utilizando pruebas t-Student [33] para asegurar 
que no hubiera clústeres redundantes, es decir, aque-
llos que no pudieran distinguirse significativamente 
del resto en función de los valores promedio de los 
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parámetros utilizados en la clasificación de los pacien-
tes. Además, se utilizaron las métricas de “Silhouette 
Score”, “Índice Davies-Bouldin” y “Calinski-Harabasz” 
para evaluar el desempeño de los algoritmos de agru-
pamiento. Respectivamente, se encontraron los valo-
res 0.23, 1.12 y 58.4. Estos valores sugieren que los 
grupos están relativamente bien separados, en relación 
con la dispersión interna de los datos.

Análisis de modelo

Validación

Construcción de
reglas de decisión

Representación
gráfica de
variables

Modelos
predictivos

Clasificación de
los pacientes

Creación
de cúmulos

Minimización de
cúmulo

FIGURA 2. Diagrama de flujo de la clasificación de datos. 

En la segunda columna del diagrama de flujo de la 
Figura 2, se muestra el proceso de construcción de las 
reglas de decisión. Para abordar esta problemática, se 
utilizó la técnica del Random Forest, que permite la 
creación de múltiples árboles de decisión con el propó-
sito de mejorar la precisión del modelo predictivo. En 
este estudio, se optó por generar 100 árboles de deci-
sión y seleccionar aquellos con un mejor desempeño 
para la creación del árbol de decisión final. Este proce-
dimiento conlleva la identificación del árbol individual 
del Random Forest que se considera el óptimo en fun-
ción de la importancia de las características. Dicha 
selección se fundamenta en la relevancia de las carac-
terísticas del modelo y permite utilizar un árbol especí-
fico del conjunto con el fin de comprender con mayor 
profundidad el proceso de toma de decisiones o llevar a 
cabo predicciones basadas en ese árbol particular. Este 
árbol final proporciona un conjunto de reglas, un 
modelo predictivo, que permiten el diagnóstico de la 
sarcopenia a partir de la clasificación de los pacientes 
de acuerdo con los puntos de corte calculados para los 

parámetros considerados pertinentes [34].

Para ello, se empleó el método de análisis de compo-
nentes principales, que permite reducir las variables a 
sólo dos dimensiones y visualizar gráficamente las 
agrupaciones de datos que comparten características 
semejantes. Este método fue propuesto por Bakator y 
Radosav en [35], pero tiene la limitación de estar restrin-
gido a magnitudes cualitativas difusas, como “alto” o 
“bajo”, lo que puede tornar subjetivo el diagnóstico de 
un paciente. 

Luego de obtener un modelo de clasificación basado 
en Random Forest, los datos de pacientes con diagnós-
tico confirmado por personal médico se utilizaron para 
validar las reglas de decisión generadas por el árbol 
final. Para evaluar la coherencia tanto de los agrupa-
mientos como de las reglas de decisión obtenidas, se 
estableció como criterio esencial que un modelo ade-
cuado debía ser capaz de agrupar a los pacientes con 
diagnósticos confirmados en grupos específicos sin 
superposición. En otras palabras, las reglas de agrupa-
miento propuestas debían permitir la formación de un 
grupo para los diagnósticos positivos y otro para los 
negativos sin que se produjeran solapamientos entre 
ellos. Además, se consideró deseable que se pudieran 
agrupar todos los pacientes con un diagnóstico com-
partido en un grupo específico. 

Dado que cada árbol final involucra la consideración 
de múltiples variables para representar a los pacientes, 
se aplicaron técnicas secuenciales de reducción de 
dimensionalidad con el propósito de facilitar la identi-
ficación de posibles patrones. Se optó por la aplicación 
de dos técnicas disponibles dentro de la librería Sci-kit-
learn (t-SNE y PCA).

Inicialmente, se implementó t-SNE (t-Distributed 
Stochastic Neighbor Embedding) para disminuir la com-
plejidad del conjunto de datos y mejorar la identifica-
ción de patrones. Está técnica de reducción de dimen-
sionalidad es utilizada principalmente para visualizar 
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datos complejos de alta dimensión de una manera más 
sencilla y comprensible. Su propósito principal es ayu-
dar a identificar patrones, estructuras y agrupaciones 
en datos que son difíciles de apreciar en su forma origi-
nal. t-SNE asigna a cada punto de datos en un espacio 
de alta dimensión un punto en un espacio de baja 
dimensión de tal manera que los puntos similares en el 
espacio de alta dimensión se representan como puntos 
cercanos en el espacio de baja dimensión.

A continuación, se llevó a cabo el análisis de compo-
nentes principales (PCA) para lograr una reducción 
adicional de la dimensionalidad [36]. El Análisis de 
Componentes Principales es una técnica que, en esen-
cia, busca transformar un conjunto de variables origi-
nales en un nuevo conjunto de variables llamadas 
"componentes principales". Cada componente princi-
pal es una combinación lineal de las variables origina-
les y están ordenadas en función de su capacidad para 
explicar la variabilidad en los datos. Esta técnica sim-
plifica los datos al resaltar las direcciones en las que los 
datos varían más y facilita la identificación de las varia-
bles originales que contribuyen significativamente a 
esa variabilidad.

Finalmente, se procedió a la aplicación de t-SNE una 
vez más en el espacio de menor dimensión resultante 
con el propósito de perfeccionar la visualización y des-
tacar con precisión los patrones y agrupamientos de 
interés, así como de identificar clusters específicos o 
agrupamientos relevantes en los datos. Este enfoque se 
centra en preservar la estructura local de los datos, lo 
que facilita la identificación de clusters y patrones 
específicos.

La última etapa del proceso se muestra en la tercera 
columna del diagrama de flujo en la Figura 2. En esta 
etapa, se realizó el análisis del modelo predictivo utili-
zando la base de datos depurada. Se identificaron a los 
pacientes con diagnóstico confirmado de sarcopenia y 
se compararon sus registros con las reglas de decisión 
creadas por el modelo predictivo. De esta manera, se 

pudo evaluar si el modelo es capaz de describir el diag-
nóstico clínico realizado por bioimpedancia eléctrica 
utilizando medidas antropométricas. 

A partir de la lista depurada de parámetros de interés, 
se formularon tres sistemas de diagnóstico, cada uno 
basado en combinaciones específicas de parámetros 
para los cuales se determinaron puntos de corte que se 
utilizaron para generar un diagnóstico de sarcopenia. 
En el primer sistema, se incluyó la combinación del 
Índice de Masa Muscular Apendicular, la velocidad de 
marcha y la fuerza de agarre. Esta combinación se pro-
puso con el propósito de permitir la comparación de 
puntos de corte y reglas previamente reportados en 
investigaciones anteriores [36]. El segundo sistema pro-
pone una combinación que incluye la masa muscular 
promedio de ambos brazos, la fuerza de agarre, la velo-
cidad de marcha y el porcentaje de grasa corporal. Del 
mismo modo, el tercer sistema se basa en la combina-
ción de la masa muscular promedio de ambas extremi-
dades inferiores, la fuerza de agarre, la velocidad de 
marcha y el porcentaje de grasa corporal. La lógica 
subyacente en la elección de estas variables radica en la 
evaluación de la viabilidad de un sistema de diagnós-
tico que requiera únicamente la medición de las extre-
midades superiores o inferiores, en lugar de abordar las 
cuatro extremidades. Además, se incorporó el porcen-
taje de grasa corporal con el fin de determinar la capa-
cidad de distinguir casos de sarcopenia primaria de 
aquellos que puedan estar relacionados con la obesidad 
sarcopénica. Cada sistema de diagnóstico propuesto 
fue evaluado en términos de la consistencia de los pun-
tos de corte que sugieren y del grado de coincidencia 
con los diagnósticos hechos por el personal médico de 
atención primaria. Además, los tres sistemas fueron 
integrados en una plataforma de libre acceso que per-
mite el análisis y diagnóstico desde un teléfono celular.

RESULTADOS Y DISCUSIÓN

Sistema: ASMI + FA + Marcha
El primer sistema de clasificación se basa en la evalua-

61Santiago Arceo-Diaz  et al.  Sistema de Cribado Primario para la Sarcopenia en Personas Adultas Mayores Basado en Inteligencia Artificial



ción de la fuerza de agarre (FA), la velocidad de marcha 
y el índice de masa muscular apendicular (ASMI), una 
combinación de parámetros propuesta por Yuki et al. 
en [36] para detectar sarcopenia en personas adultas 
mayores que radican en la zona metropolitana de 
Japón. Es importante mencionar que, debido a posibles 
diferencias étnicas, los puntos de corte sugeridos por 
dicho estudio no son directamente aplicables a la 
población mexicana. 

Los diagramas de cajas se utilizan para la compara-
ción de los clústeres generados en base a variables rele-
vantes en el proceso de clasificación. Las Figuras 3, 4 y 
5 comparan directamente la distribución de valores 
para cada parámetro de interés en cada una de las agru-
paciones obtenidas por el algoritmo de clustering. Las 
cinturas de las cajas sirven como una guía visual que 
permite evaluar si existen diferencias significativas 
entre las medianas de cada clúster con relación al pará-
metro de interés. Cuando las cinturas están separadas 
y no se superponen, indican una clara diferencia entre 
los clústeres.

FIGURA 3. Diagrama de cajas para los valores de ASMI en los 
clústeres del sistema ASMI + FA + Marcha.

FIGURA 4. Diagrama de cajas para los valores de FA en los 
clústeres del sistema ASMI + FA + Marcha.

FIGURA 5. Diagrama de cajas para los valores de Marcha en 
los clústeres del sistema ASMI + FA + Marcha. 

De acuerdo con los diagramas de caja, los clústeres 2 y 
3 exhiben los valores más bajos en los tres parámetros. 
El clúster 2 se caracteriza por presentar los valores más 
bajos en los tres parámetros, lo que lo convierte en un 
grupo de pacientes con un alto riesgo de sarcopenia. 
Mientras que, en el clúster 3 también se encuentran 
pacientes con valores bajos en el índice de masa mus-
cular apendicular (ASMI). Dado que el ASMI depende 
específicamente de la cantidad de músculo en las 
extremidades, estos pacientes también son suscepti-
bles a presentar síntomas característicos de la sarcope-
nia.

   En la Figura 6, se muestra el diagrama de árbol gene-
rado por el algoritmo Random Forest. Este árbol propor-
ciona un conjunto de condiciones que explican la clasi-
ficación de pacientes en los clústeres obtenidos 
mediante el algoritmo de clustering jerárquico aglome-
rativo. Para simplificar la interpretación del diagrama 
de árbol, se especificó un número mínimo de 15 mues-
tras por nodo terminal. Esto significa que los modelos 
de árbol no describen a todos los pacientes de la mues-
tra, pero esta simplificación apenas afecta la precisión 
de la clasificación [34].

En la Figura 6 se observa que la primera condición se 
relaciona con la medición de la fuerza promedio de aga-
rre. Si esta medida es menor que 17.9, los participantes 
de cada clúster siguen un conjunto de pruebas a la 
izquierda; de lo contrario, se someten a las pruebas 
indicadas en el lado derecho para este árbol de deci-
sión.
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ASMI ≤ 8.31
P = [4, 0, 20, 4, 0]

Marcha ≤ 1.307
P= [39, 17, 4, 31, 3]

Marcha ≤ 0.94
P = [0, 0, 20, 4, 0]

P = [4, 0, 0, 0, 0]
Agrupamiento = 0

ASMI ≤ 7.19
P= [39, 5, 4, 31, 3]

FA ≤ 17,938
P = [43, 17, 24, 35, 3]

ASMI ≤ 6.97
P = [0, 3, 4, 31, 0]

 P = [0, 0, 20, 0, 0]
Agrupamiento = 2

P = [0, 0, 0, 0, 4]
Agrupamiento = 3

P = [0, 0, 0, 0, 3]
Agrupamiento = 4

FA ≤ 23.9
P = [39, 2, 0, 0, 0]

P = [0, 6, 0, 1, 0]
Agrupamiento = 0

P = [0, 20, 0, 0, 0]
Agrupamiento = 0

FA ≤ 29.33
P = [39, 2, 0, 0, 3]

ASMI ≤ 6.66
P = [0, 1, 1, 27, 0]

P = [0, 2, 3, 4, 0]
Agrupamiento = 3

P= [0, 12, 0, 0, 0]
Agrupamiento = 1

FIGURA 6. Árbol de decisión para clasificar pacientes de 
acuerdo con el sistema ASMI + FA + Marcha.

FIGURA 7. Gráfico bidimensional que muestra la densidad de 
puntos del sistema ASMI + FA + Marcha. 

Con base a los diagramas de cajas (Figuras 3 a 5), los 
clústeres 2 y 3 contienen a los pacientes que podrían 
recibir un diagnóstico de sarcopenia, ya que muestran 
los valores más bajos para ASMI, FA y marcha. El clús-
ter 1 también presenta valores bajos en la marcha, 
similares a los del clúster 2, pero se caracteriza por 
valores significativamente más altos en FA. El clúster 2 
consta de 24 pacientes, de los cuales 20 presentaron 
una FA menor a 17.94, ASMI < 8.31 y marcha < 0.94. 
Estas condiciones permiten describir a 20 de los 24 
pacientes en este clúster, considerándose como la rama 
principal. Los otros 4 pacientes cumplen con las condi-
ciones FA > 17.94, marcha < 1.3 y ASMI < 7.20. Respecto 
al tercer clúster, de los 35 participantes, 31 cumplen 
con las condiciones FA > 17.93, marcha < 1.30 y ASMI < 
6.97. Estas secuencias de condiciones representan la 
base de la clasificación de los pacientes en los clústeres 
de interés.

La siguiente Figura es la representación simplificada 
de los clústeres proporcionando una visión visual de la 
distribución de las personas adultas mayores en fun-
ción de sus características. La Figura 5, se presenta un 
diagrama bidimensional generado mediante la aplica-
ción secuencial de técnicas de reducción de dimensio-
nalidad, como t-SNE (t-distributed Stochastic Neighbor 

Embedding), PCA (Principal Component Analysis) y 
t-SNE nuevamente.

La Figura 7 muestra los registros con diagnóstico con-
firmado de sarcopenia, estos son representados por 
puntos encerrados en círculos. De los 11 pacientes con 
diagnóstico confirmado, 10 se localizan dentro del 
clúster 2, mientras que 1 se encuentra en el tercer clús-
ter. Esta observación sugiere una alta concordancia 
entre la clasificación de los pacientes con diagnóstico 
confirmado y su agrupación en los clústeres identifica-
dos.

   Además, es importante señalar que los pacientes 
con diagnóstico confirmado que se encuentran dentro 
de cada clúster cumplen con las condiciones descritas 
por las ramas principales correspondientes en el dia-
grama de árbol previamente mencionado. Esta concor-
dancia entre las condiciones establecidas por el algo-
ritmo de árbol y la distribución de los pacientes con 
diagnóstico confirmado refuerza la utilidad de las 
condiciones propuestas para la identificación de la sar-
copenia en la población estudiada.

Sistema: MP + FA + Marcha + Grasa
Las Figuras 8 a 11 muestran los diagramas de cajas 

correspondientes al segundo sistema de clasificación, 
el cual se basa en la fuerza promedio de agarre (FA), la 
velocidad de marcha, la masa muscular promedio de 
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piernas (MP) y el porcentaje corporal de grasa. 

FIGURA 8. Diagrama de cajas para los valores de MP en los 
clústeres del sistema MP + FA + Marcha + Grasa. 

FIGURA 9. Diagrama de cajas para los valores de FA en los 
clústeres del MP + FA + Marcha + Grasa.

FIGURA 10. Diagrama de cajas para los valores de Marcha en 
los clústeres del sistema MP + FA + Marcha + Grasa.

FIGURA 11. Diagrama de cajas para los valores de Grasa en los 
clústeres del sistema MP + FA + Marcha + Grasa.

De la Figura 8 a la 11, los clústeres de interés son el 0 
y el 1. En el caso del clúster 0, se destacan por mostrar 
valores bajos en velocidad de marcha y fuerza prome-
dio de agarre, así como valores altos en el porcentaje 
de grasa corporal, lo que sugiere una proporción mus-
cular reducida, siendo esta una medida complementa-
ria al porcentaje de masa muscular corporal. No obs-
tante, ambos clústers se pueden diferenciar por los 
valores promedio de masa muscular en las piernas, 
siendo menores a 7 kg para más de la mitad de los 
pacientes en el clúster 0 y menores a 5.8 kg para la 
mayoría de las personas adultas mayores en el primer 
clúster y, en consecuencia, presentan poca fuerza de 
agarre, baja velocidad de marcha y escasa masa mus-
cular en las piernas, características que coinciden con 
los perfiles asociados a la sarcopenia [4][5][6][7][8].

FA ≤ 18.83
P = [0, 24, 44, 0, 7]

Grasa ≤ 32.8
P= [26, 0, 2,  17,0]

MP ≤ 4.78
P = [0, 24, 7, 0, 2]

Grasa ≤  34.5
P = [0, 0, 37, 0, 5]

P= [0, 0, 0, 14, 0]
Agrupamiento = 3

MP ≤ 6.56
P = [26, 24, 46, 17, 7]

P = [0, 0, 5, 0, 5]
Agrupamiento= 2

 P = [0, 0, 1, 0, 1]
Agrupamiento = 2

Grasa ≤ 38.8
P = [0, 24, 6, 0 ,1]

P = [0,0, 32, 0, 0]
Agrupamiento = 2

FA ≤ 29.28 
P= [26, 0, 2, 3, 0]

P = [0, 10, 6, 0, 1]
Agrupamiento = 1

P = [0, 14, 0, 0, 0]
Agrupamiento = 1

Marcha ≤ 1.184
P = [26, 0, 0, 3, 0]

P = [0, 0, 2, 0, 0]
Agrupamiento = 2

P = [26, 0, 0, 0, 0]
Agrupamiento = 0

P = [0, 0, 0, 3, 0]
Agrupamiento = 3

FIGURA 12. Árbol de decisión para clasificar pacientes de 
acuerdo con el sistema MP + FA + Marcha + Grasa.

En lo que respecta al modelo de Random Forest 
(Figura 12), las reglas que definen la rama principal de 
pacientes para el clúster 1 abarcan a 24 pacientes. La 
secuencia de condiciones implica que MP debe ser 
menor o igual a 6.57, FA menor o igual a 18.8, MP 
menor o igual a 4.77, y luego se bifurca en la última 
condición relacionada con el porcentaje corporal de 
grasa, donde 14 de los 24 pacientes presentan un por-
centaje de grasa superior al 38.88 %, mientras que los 
10 restantes cumplen la condición complementaria. 
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En cuanto al clúster 0, un total de 26 pacientes fueron 
clasificados por el modelo de Random Forest. Todos 
estos pacientes cumplen con las condiciones de MP > 
6.57, Grasa > 32.8, FA <= 29.27 y Marcha <= 1.18.

FIGURA 13. Gráfico bidimensional que muestra la densidad 
de puntos del sistema MP + FA + Marcha + Grasa.

Como se puede observar en la Figura 13, el clúster 1 
contiene a 8 de los 10 diagnósticos confirmados, mien-
tras que los otros 2 se clasifican dentro del clúster 0.

Sistema: MB + FA + Marcha + Grasa
Las Figuras 14 a 17 muestran los diagramas de cajas 

correspondientes al segundo sistema de clasificación, 
el cual se basa en la masa muscular de brazo (MB), 
fuerza promedio de agarre (FA), la velocidad de mar-
cha y el porcentaje corporal de grasa. 

FIGURA 14. Diagrama de cajas para los valores de MB en los 
clústeres del sistema MB + FA + Marcha + Grasa.

FIGURA 16. Diagrama de cajas para los valores de MB en los 
clústeres del sistema MB + FA + Marcha + Grasa.

FIGURA 17. Diagrama de cajas para los valores de Marcha en 
los clústeres del sistema MP + FA + Marcha + Grasa.

FIGURA 15. Diagrama de cajas para los valores de Grasa en 
los clústeres del sistema MB + FA + Marcha + Grasa.

Las Figuras 14 a 17 exhiben diagramas de cajas que 
resaltan las diferencias esenciales entre los clústeres. 
El clúster 0 se caracteriza por una marcha significati-
vamente más lenta en comparación con los otros gru-
pos. Además, este conjunto de pacientes muestra nive-
les más elevados de grasa corporal y una fuerza de 
agarre considerablemente menor en contraste con los 
otros clústeres, junto con valores intermedios de masa 
muscular en brazos. Ningún otro cumple con condicio-
nes similares. El clúster 3 se acerca al clúster 0 en tér-
minos de los valores más bajos de masa muscular en 
brazos, fuerza reducida y valores normales de grasa, 
pero la mayoría de sus pacientes mantienen velocida-
des promedio de marcha superiores a 1.0 metro por 
segundo. Estas observaciones enfatizan las caracterís-
ticas distintivas de cada clúster con respecto a la mar-
cha, la composición corporal y la fuerza muscular. A 
continuación, se reporta el árbol de decisión para este 
sistema.

En relación con el modelo de Random Forest (Figura 
18), las reglas que definen la rama principal de pacien-
tes para el clúster 0 involucran a 31 pacientes. La 
secuencia de condiciones incluye que la velocidad de 
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marcha sea menor o igual a 0.88, que la fuerza prome-
dio de agarre esté en el rango de 8.9 a 22.95, que la 
masa muscular promedio en brazos sea menor o igual 
a 2.58 kg, y que el porcentaje de grasa corporal sea 
mayor al 36.86 %. Estas reglas describen las condi-
ciones que cumplen 29 de estos 31 participantes. 
Como se puede apreciar en la Figura 19, el clúster 0 
contiene a 8 de los 10 diagnósticos confirmados, mien-
tras que los otros 2 se clasifican en los clústeres 1 y 4. 

FA ≤ 22.95
P = [29, 2, 0, 3, 7]

Grasa ≤ 37.4
P= [2, 37, 15, 24, 1]

MB ≤ 2.58
P = [29, 1, 0, 2, 4]

P = [0, 1, 0, 1, 3]
Agrupamiento = 4

MB ≤ 2.65
P= [0, 11, 15, 23,1]

Marcha ≤ 0.89
P = [31, 39, 15, 27, 8]

FA ≤ 22.21
P = [0, 11, 0, 23, 1]

FA ≤ 8.9 
P = [29, 1, 0, 2, 0]

P = [0, 0, 0, 0, 4]
Agrupamiento = 4

P = [0, 0, 0, 1, 0]
Agrupamiento = 3

Grasa ≤ 36.85
P = [29, 1, 0, 1, 0]

P = [0, 1, 0, 1, 0]
Agrupamiento = 1

P = [29, 0, 0, 0, 0]
Agrupamiento = 0

Grasa ≤ 46.65
P = [2, 26, 0, 1,0]

FA ≤ 15.3
P = [1, 26,0, 1, 0]

P = [1, 0, 0, 0, 0]
Agrupamiento = 0

P = [1, 0, 0, 0, 0]
Agrupamiento = 0

Grasa ≤ 38.75
P = [0, 26, 0, 1, 0]

P = [0, 6, 0, 1, 0]
Agrupamiento = 1

P = [0, 20, 0, 0, 0]
Agrupamiento = 1

P = [0, 0, 15, 0, 0]
Agrupamiento = 2

P = [0, 1, 0, 19, 0]
Agrupamiento = 3

P = [0, 10, 0, 4, 0]
Clasificación = 1

FIGURA 18. Árbol de decisión para clasificar pacientes de 
acuerdo con el sistema MB + FA + Marcha + Grasa.

FIGURA 19. Gráfico bidimensional que muestra la densidad 
de puntos del sistema MB + FA + Marcha + Grasa.

CONCLUSIONES
Este estudio explora el uso de mediciones antro-

pométricas en adultos mayores para desarrollar una 
aplicación que asista en el diagnóstico de sarcopenia. 

Se identificaron reglas de decisión basadas en estas 
mediciones para la construcción de la metodología 
propuesta.

Este estudio inició con la depuración de los partici-
pantes eliminando registros repetidos, incompletos y 
datos atípicos. Se realizó la reducción de los parámet-
ros antropométricos eligiendo la mayor varianza, 
seguida por una alta correlación de Spearman y se 
validó con la prueba de t-Student, obteniendo una lista 
de cinco parámetros que son consistentes con los 
reportados en la sintomatología de sarcopenia.

 Para establecer los puntos de corte de los parámetros 
minimizados se propusieron tres sistemas que fueron 
validados respecto a diagnósticos confirmados de sar-
copenia. Los resultados mostraron que, es posible 
realizar el diagnóstico primario empleando el modelo 
japonés. El segundo sistema pudo categorizar la sarco-
penia clásica y la relacionada con la obesidad, aunque 
este diagnóstico requiere evaluación adicional con 
pruebas específicas. Mientras que, el tercer sistema 
identificó síntomas consistentes con sarcopenia, como 
marcha lenta, debilidad en la fuerza de agarre, baja 
masa muscular en los brazos y exceso de grasa corpo-
ral.

Un hallazgo interesante fue que los parámetros que 
no dependen de medir los brazos o las pantorrillas son 
más simples y menos intrusivos, lo que los hace más 
accesibles y cómodos para los pacientes, así como más 
económicos y rápidos de aplicar. Sin embargo, esta 
simplificación puede llevar a una pérdida de infor-
mación y menor precisión en la evaluación de la sarco-
penia. La elección de utilizar estos sistemas dependerá 
de los objetivos clínicos y las limitaciones de recursos 
en un entorno médico específico. Además, en situa-
ciones clínicas reales, los pacientes a veces están 
postrados, deformaciones óseas, inflamaciones artic-
ulares, o bien el personal no dispone del equipo de 
medición, limita la posibilidad de extraer mediciones 
antropométricas precisas.



Como trabajo a futuro se plantea emplear esta metod-
ología de trabajo con bases de datos como los genera-
dos en la Encuesta Nacional de Salud y Nutrición para 
determinar la factibilidad teórica y técnica de la actual 
propuesta.
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ABSTRACT
The aim of this paper is to present the development of a real-time measurement system for glucose in aqueous 
media. The proposed system incorporates two lines of research: i) design, synthesis, and implementation of a non-
enzymatic electrochemical sensor of Multi-Walled Carbon Nanotubes with Copper nanoparticles (MWCNT-Cu) and 
ii) design and implementation of a machine learning algorithm based on an Artificial Neural Network Multilayer 
Perceptron (ANN-MLP), which is embedded in an ESP32 SoC (System on Chip). From the current data that is extracted 
in real-time during the oxidation-reduction process to which an aqueous medium is subjected, it feeds the algorithm 
embedded in the ESP32 SoC to estimate the glucose value. The experimental results show that the nanostructured 
sensor improves the resolution in the amperometric response by identifying an ideal place for data collection. For 
its part, the incorporation of the algorithm based on an ANN embedded in a SoC provides a level of 97.8 % accuracy 
in the measurements. It is concluded that incorporating machine learning algorithms embedded in low-cost SoC in 
complex experimental processes improves data manipulation, increases the reliability of results, and adds portability.
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RESUMEN 
El objetivo de este artículo es presentar el desarrollo de un sistema de medición en tiempo real de glucosa en medios 
acuosos. El sistema que se implementa incorpora dos lineas de investigación: i) diseño, síntesis e implementación de 
un sensor electroquímico no enzimático de Nanotubos de Carbono de Pared Múltiple con nanopartículas de Cobre 
(NTCPM-Cu) y ii)  diseño e implementación de un algoritmo de aprendizaje automático basado en una Red Neuronal 
Perceptrón Multicapa (RN-PM), embebido en un ESP32 SoC (Sistema en Chip). Un dato de corriente que se extrae en 
tiempo real durante el proceso de oxidación-reducción a la que se somete un medio acuoso, alimenta el algoritmo 
embebido en el ESP32 para estimar el valor de glucosa. De los resultados experimentales se demuestra que el sensor 
nanoestructurado mejora la resolución en la respuesta amperométrica al identificar un lugar ideal para la toma de 
datos. Por su parte, la incorporación del algoritmo basado en una RN embebido en SoC otorga un nivel de 97.8 % de 
exactitud en la mediciones. Se concluye que incorporar algoritmos de aprendizaje automático embebidos en SoC de 
bajo costo en procesos experimentales complejos, mejora la manipulación de datos, incrementa la confiabilidad en 
resultados y adiciona portabilidad.

KEYWORDS: ANN-MLP, NCT de pared múltiple, sensor electroquímico, sensor nanoestructurado de glucosa, SoC ESP32
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INTRODUCTION
The scientific community is constantly working to 

develop highly efficient, accessible, and stable glucose 
sensors to monitor glucose levels. However, those 
based on enzymes are not very stable since, in some 
cases, they are susceptible to pH and temperature [1][2]

[3]. With the advent of nanoscience and nanotechnol-
ogy, scientists have developed and fabricated advanced 
nanostructured materials over the past two decades to 
develop glucose sensors with high sensitivity and 
selectivity [4][5]. Carbon nanotubes (CNT), metal nano-
clusters, and nanoparticles are among the nanostruc-
tured materials used. CNT and transition metal nano-
clusters have had numerous applications as sensors 
and biosensors [6]. Nanostructured carbon systems 
such as CNT, graphene, and mesoporous carbon are the 
most studied materials for glucose detection thanks to 
their different properties, such as large surface area, 
better conductivity, biocompatibility, and chemical 
stability [7][8]. For their part, smaller metal clusters have 
shown catalytic activity not exhibited by their massive 
analog or nanoparticles (NP); this generates excellent 
promise for their possible application as catalysts [9].

Additionally, several metallic clusters have been 
revealed to have tremendous and selective catalytic 
activity when deposited on suitable support [10][11]. 
Hybrids based on the combination of metal and CNT 
have been positioned as the new trend to produce a 
synergistic effect in glucose detection due to the out-
standing catalytic activity of the metal and the excep-
tional properties of carbon materials, such as the 
large surface area, exceptional electrical conductivity 
and excellent chemical resistance [12]. For example, 
copper (Cu) is one of the widely investigated metal 
catalysts, and its electrodeposition has been studied 
on various carbon nanostructures [13][14][15]. Cu-based 
nanomaterials are among the most studied nano-
structures in sensor and biosensor applications due 
to their high efficiency, low toxicity, low cost, long-
term stability, and high catalytic activity. In [16], the 
synthesis of nanostructures with different morpholo-

gies of copper oxide (CuO) for the detection of glu-
cose; however, the synthesis is complex to carry out. 
In [17], a nanocomposite formed from Cu and CNT 
(Cu-CNT) exhibits high sensitivity and stability, fast 
response with a wide linear range, a low detection 
limit, and exemplary performance detecting glucose 
in blood serum. This process is developed by synthe-
sizing carbon nanotubes grown on a Tantalum (Ta) 
substrate from chemical vapor deposition (CVD) and 
electrochemically depositing Cu nanocubes on the 
CNT using a simple cathodic potentiostatic tech-
nique. In [18], a non-enzymatic glucose sensor with 
catalytic oxidation through the electrodeposition of 
Cu nanoclusters on an electrode modified with car-
bon nanotubes solubilized with Nafion (Nf). This 
sensor is applied for glucose analysis in blood sam-
ples and provides high sensitivity and stability, fast 
response, good reproducibility, and selectivity. These 
qualities make the Cu-CNT nanocomposite-based 
electrode a promising candidate for enzyme-free glu-
cose detection.

Implementing artificial intelligence (AI) algorithms 
in systems based on nanostructured biosensors is of 
great help because it can estimate expected values 
quickly, accurately, automatically, and in real time. 
Additionally, an adequate database can train algo-
rithms to estimate particular variables. Machine 
learning can efficiently process large amounts of 
messy or low-resolution data and discriminate over-
lapping signals from each other [19]. In [20], a method 
based on using artificial intelligence algorithms to 
process the interference between the oxidation cur-
rents of insulin and glucose using cyclic voltammetry 
with a Ni(OH)2 electrode. The method allows for sep-
arating and providing insulin and glucose concentra-
tions, obtaining high precision (at the mmol level) 
and correlation, with prediction errors of 6.515 % for 
insulin and 4.36 % for glucose. In [21], an application of 
an electronic tongue formed by several electrodes 
modified with nanoparticles for the detection and 
electrochemical quantification of carbohydrates in 
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sugarcane waste samples. It uses an artificial neural 
network to process the data and predict carbohydrate 
concentrations with high precision and correlation.

This article presents the design and implementation 
of glucose measurement in real-time of a system in 
aqueous media based on machine learning algo-
rithms embedded in an ESP32 SoC. The instrument is 
made up of two main blocks: i) the electrochemical 
stage, where an oxidation-reduction process of an 
aqueous medium with glucose is carried out and ii) 
the information processing stage and the estimation 
of the glucose level, based on machine learning algo-
rithms implemented in an ESP32 SoC. The first block's 
main contribution is designing, synthesizing, and 
implementing a non-enzymatic sensor built from a 
glassy carbon electrode functionalized with MWCNT 
and copper nanoparticles. Considering that the syn-
ergy between copper nanoparticles and MWCNT 
increases the amperometric response, the resolution 
and sensitivity of the sensor are improved. The sec-
ond block estimates the level of glucose present in an 
aqueous medium. The main contribution at this stage 
is the method to estimate glucose levels in the solu-
tion. It is from current data obtained in real-time in 
the oxidation-reduction stage of the aqueous medium 
with glucose, which is fed to the embedded 
machine-learning algorithm. The embedded algo-
rithm based on an ANN with MLP architecture deter-
mines the corresponding glucose level. Therefore, the 
implemented measurement system incorporates the 
advantages of nanotechnology through a nanostruc-
tured MWCNT-Cu sensor (Multi-Walled Carbon 
Nanotubes with Copper nanoparticles), the benefits 
of AI through the training of machine learning algo-
rithms based ANN-MLP (artificial neural network 
multilayer perceptron) and the potential of digital 
electronic by the ANN-MLP algorithms, embedded in 
an ESP32 system-on-chip (SoC). The integration of 
these elements makes a robust system that estimates 
the glucose level in real-time of an aqueous medium 
in an oxidation-reduction process under cyclic vol-

tammetry. 

The article is structured as follows: The Materials and 
Methods Section presents the design, synthesis, imple-
mentation, and validation of a non-enzymatic 
MWCNT-Cu electrochemical sensor. The type of archi-
tecture of the ANN-MLP implemented is also pre-
sented, as well as the mathematical model of the 
embedded algorithm in an ESP32 SoC. Finally, the 
experimental setup is shown. In the Results and 
Discussion Section, the behavior of the nanostructured 
sensor in obtaining experimental data on glucose con-
centration in aqueous measurements using cyclic vol-
tammetry is presented. Implementing the machine 
learning algorithm is validated through two training 
processes, one for the current data set corresponding to 
the voltage level of 1.3 V and another for the voltage 
level of -0.455 V, both for different glucose concentra-
tions. Finally, the Conclusions of this work are pre-
sented.

MATERIALS AND METHODS
The first stage is the design, synthesis, implementa-

tion, and validation of a non-enzymatic glucose sensor 
manufactured with electrodeposition of Cu nanoclus-
ters on the film of a glassy carbon electrode modified 
with MWCNT solubilized with Nafion (CNT-Nf). The 
manufacturing of the sensor begins with the synthesis 
of MWCNT using the spray pyrolysis method; subse-
quently, they are functionalized, and their composi-
tion is validated by X-ray diffraction (XRD). Based on a 
glassy carbon electrode, MWCNT are added, and the 
proposed sensor is structured under Cu electrodeposi-
tion.

MWCNT Synthesis
Figure 1 shows the process used to obtain the MWCNT. 

Initially, a solution composed of 572 mg of ferrocene 
(C10H10Fe) with 26 mL of toluene (C6H5CH3) is prepared 
and subjected to an ultrasonic bath for 10 min. This 
solution is fed to a nebulizer that uses argon (Ar) as a 
purge gas. This arrangement is placed in a tubular oven 
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where the nebulization is passed through a small 
quartz tube (SiO2), bringing it to 850 oC and cooling it to 
room temperature.

FIGURE 1. MWCNT Synthesis.

FIGURE 3. a) Pristine MWCNT, b) Functionalized MWCNT.

FIGURE 2. MWCNT Functionalization.

MWCNT Functionalization
Figure 2 shows the process used to functionalize the 

MWCNT. Initially, 340 mg of MWCNT are calcined at 
400 oC for 30 min. These MWCNT are suspended in 60 
mL of 6 M hydrochloric acid (HCl), subjected to an 
ultrasonic bath for 4 h, and allowed to rest for 12 h. 
Taking 170 mg of MWCNT, they are suspended in 20 
mL of nitric acid (HNO3) with 40 mL of sulfuric acid 
(H2SO4) and subjected to an ultrasonic bath for 4 h. 
Finally, filtration is done using a vacuum pump with a 
cellulose and water (H2O) filter.

Characterization of MWCNT
The crystalline nature of MWCNT is validated by 

X-ray diffraction. Figure 3a shows the diffractograms 
of the pristine carbon nanotubes, which show the typ-
ical peaks at 26.3° and 43.7°, corresponding to the 
reflections of the graphite in (002) y (100) (Joint 

Committee of Powder Diffraction Standards (JCPDS) # 
96-101-1061) [21]. Figure 3b shows the synthesized and 
functionalized MWCNT diffractogram obtained with 
the D2 Phaser X-ray diffractometer. It is observed that 
the characteristic peaks of pristine MWCNT are also 
present (Figure 3a). It can be seen that functionalized 
MWCNT have a lower intensity than pristine nano-
tubes motivated by the formation of carboxylic groups 
on the MWCNT. A slight peak at 30° is also observed 
due to the functionalization process.

(a
rb

. u
ni

ts
) CNT

a)

Functionalized CNT

b)

Sensor manufacturing
The proposed sensor is fabricated in two main stages: 

i) adhesion of the functionalized MWCNT on a glassy 
carbon electrode and ii) electrodeposition of Cu. Figure 
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4 shows the first stage of the proposed electrode prepa-
ration process. Initially, a glassy carbon electrode (GCE) 
is taken as a base, and its free end is polished with tita-
nium oxide TiO2. A 10-minute ultrasonic bath is applied 
in 15 mL of a solution of nitric acid (HNO3), ethanol 
(C2H6O), and double-distilled water (1:1 v/v) left to dry 
at room temperature. In parallel, 1.0 mg of functional-
ized MWCNT are dispersed in 65 µL of 0.5% Nafion 
(C7HF13O5S·C2F4). 15 µL of the MWCNT solution with 
Nafion (NTC-Nf) are taken and deposited on the pol-
ished surface of the glassy carbon electrode, allowing it 
to dry at room temperature.

FIGURE 4. Preparation of the glassy carbon electrode 
modified with MWCNT-Nf solution.

FIGURE 5. Electrodeposition of Cu on MWCNT-Nf.

FIGURE 6. Block Diagram of the main stages for the 
implementation of the ANN.

Figure 5 shows the second stage in the preparation of 
the proposed electrode. First, an electrolyte composed 
of 35.6 mg of sodium sulfate (Na2SO4) and 8 mg of cop-
per sulfate (CuSO4) dissolved in 25 mL of deionized 
water is prepared, applying a sonic bath for 10 min. The 
electrodeposition of Cu is carried out in an electro-
chemical cell connected to the CHI920C Scanning 
Electrochemical Microscope. The electrochemical cell 
comprises three electrodes immersed in the electrolyte 
prepared for this purpose. The reference electrode (RE) 
is a silver/silver chloride (Ag/AgCl) electrode, the 
counter electrode (CE) is platinum, and the working 
electrode (WE) is the glassy carbon electrode (GCE) 

with MWCNT-Nf. Cyclic voltammetry is applied with a 
potential window of between -0.6 to 0.6 V for 30 cycles 
at a scanning speed of 100 mVs-1. Under this cyclic elec-
trodeposition process, Cu nanoclusters adhere to the 
WE (MWCNT-Cu). The prepared work electrode (WE) is 
rinsed with distilled water, allowed to dry at room tem-
perature, and refrigerated.

Machine learning algorithm and embedded 
system proposed

The estimation of the glucose value is based on a 
machine learning or ANN algorithm based on the MLP 
architecture embedded in an ESP32 SoC that integrates 
a 32-bit core RISC-V microcontroller with a maximum 
clock speed of 160 MHz, programmed in Python. The 
data that feed the ANN for training and validation are 
obtained from the experimental results, to which data 
augmentation is applied by estimating the mathemati-
cal model of the sensor's behavior. The data obtained 
correlates the molar concentration and the electrical 
current obtained from the sensor. Figure 6 shows a 
block diagram of the main stages of the implementa-
tion of the ANN in the ESP32 SoC. The training of the 
ANN is carried out with the data from the experimental 
arrangement through a potentiostat. Once the MLP 
model is trained, it is optimized to obtain the weights 
required to fit the corresponding mathematical model. 
The optimized and trained algorithm is embedded in 
the ESP32 SoC.

Figure 7 shows the general architecture of the ANN-
MLP. For each of the implemented models, various 
hyperparameter values are used until the appropriate 
adjustment to the behavior of the sensor is found. Each 
model is designed with a ReLu-type activation func-
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tion and presents a sequential architecture with differ-
ent hidden layers, epochs, and learning rates.

FIGURE 7. Architecture ANN-MLP.

ALGORITHM 1. Pseudocode embedded in the ESP32 SoC.

The mathematical model used for each ANN model is 
given by Equation (1).

(1)

Where:

 
is the expected value of glucose 

concentration, 

 
is the limiting function or activation 

function, 

 
corresponds to the associated weight 

matrices in each layer, 

 is the input data vector, and 

 
is a bias convention from the processing 

node. 

 

hw(x)

fn

wn

x

bn

Algorithm 1 shows the pseudocode embedded in the 
ESP32 SoC, based on the ANN-MLP model trained in 
Python, about the mathematical model described by 

Equation 1. 
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Figure 8 shows the proposed experimental setup for 
real-time glucose measurement for aqueous media 
based on an ESP32 SoC with an embedded 
machine-learning algorithm. From the electrochemi-
cal cell where the oxidation-reduction process of the 
glucose solution is carried out, a current value is 
obtained that feeds the ESP32 SoC. The algorithm 
based on an ANN-MLP estimates the value of glucose 
in the solution.

Oxidation-Reduction 
experimental behavior 

of the MWCNT-Cu 
sensor fabricated CHI920C Scanning 

Electrochemical 
Microscope

Electrochemical cell
ESP32 SoC  and  LCD

FIGURE 8. Setup for measuring glucose in aqueous media.

FIGURE 9. MWCNT-Cu sensor in CV.

Experimental data on glucose concentration are 
obtained by cyclic voltammetry in an electrochemical 
cell connected to the CHI920C  Scanning  Electrochemical 
Microscope as is illustrated in Figure 8. In the electro-
chemical cell, three electrodes are immersed in the 
aqueous solution with a specific concentration of glu-
cose (electrolyte) prepared for this purpose: i) the 
working electrode (WE) corresponds to the MWCNT-Cu 
electrode proposed in this work, ii) the reference elec-
trode (RE) is silver/silver chloride (Ag/AgCl), and iii) 
the counter electrode (CE) of Platinum (Pt). The 
CHI920C Scanning Electrochemical Microscope sup-
plies voltage to the WE and RE electrodes and collects 
current data between the WE and CE electrodes. The 
applied voltage is 50 mVs-1 from -1.3 V to 1.3 V, in a 20 
mM alkaline solution of Sodium Hydroxide (NaOH). An 
electric current flows through the electrolyte in the 
electrochemical cell (aqueous solution with glucose) in 

response to the applied potential range. The electric 
current that flows depends on the concentration of 
glucose present and the voltage applied at the moment. 
Therefore, an electric current corresponding to each 
voltage value is generated when executing a potential 
sweep. A cyclic voltammogram (CV) is generated by 
graphing the applied voltage range and the obtained 
current (Figure 8). Therefore, each solution with a par-
ticular glucose concentration has its specific CV.  Figure 
9 shows how the CV is formed in three segments. In the 
first segment (from 0 to 1.3 V), the glucose oxidation 
process occurs from 0.4 to 1.3 V, corresponding to the 
change of oxidation state from Cu(II) to Cu(III). The 
second segment (from 1.3 to -1.3 V) is where the copper 
reduction process occurs from 1.3 to 0.23 V, corre-
sponding to the change from Cu (III) to Cu(II), the peak 
at -0.455 V corresponds to the change of Cu(II) to Cu(I), 
where glucose is reduced, allowing its concentration to 
be measured. Finally, in the third segment (from -1.3V 
to 0 V), it is reduced from Cu(I) to Cu(0) at the -1.3V 
peak, Cu(0) to Cu(I) at the peak -0.34V, and Cu(I) to 
Cu(II) at the -0.1V peak. This oxidation-reduction pro-
cess of Cu and glucose in an alkaline medium is well 
reported in [22] and [6]. Figure 9 shows the behavior of 
the MWCNT-Cu work electrode in a cyclic voltammo-
gram (CV) oxidation-reduction process of Cu and glu-
cose at 100µM in an alkaline medium, in the potential 
range from -1.3 V to 1.3 V.
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This methodology allows the same CV to have 2 
points of interest to compare and measure the glucose 
concentration in real-time, at -0.455 V and 1.3 V. 

Thus, a database is formed for each aqueous solution 
with a certain glucose concentration, with the experi-
mental voltage and current data obtained. These data-
base are used to train the machine learning algorithm 
embedded in the ESP32 Soc.

RESULTS AND DISCUSSION
Figure 10 shows the oxidation-reduction behavior of 

the MWCNT-Cu sensor fabricated for glucose measure-
ment in aqueous media. 

FIGURE 10. MWCNT-Cu sensor at different glucose 
concentrations.

Figure 10 shows results for solutions with different 
concentrations of D-glucose: 1, 5, 10, 15, 25, 50, 100, 
and 250 µM in 20 mM an alkaline medium. The curves 
are obtained in the potential range from -1.3 V to 1.3 V 
and a scanning speed of 50 mVs-1. The amount of glu-
cose in a solution is directly proportional to its oxida-
tion (amount of oxygen consumed), manifesting in an 
increase in current, as evidenced. In this case, oxida-
tion for different glucose concentrations can be 
observed within the potential range of 0.4 V to 1.3 V. 
For the voltage level of 1.3 V, a clear separation is pre-
sented between the current vs. voltage curves, for the 
different glucose concentrations, which allow us to 
distinguish up to the concentration of 250 µM; this con-

dition is attributed to the synthesized MWCNT-Cu sen-
sor. For a voltage of -0.455 V, the curves for different 
glucose concentrations are more concentrated, which 
reduces the sensitivity of glucose measurement to a 
maximum of 100 µM.

The second stage in developing and implementing a 
glucose measurement system in aqueous media is 
determining the glucose level in real time. The pro-
posed method uses current data in the oxidation-re-
duction stage of the glucose solution to feed a 
machine-learning algorithm embedded in the ESP232 
SoC. The algorithm based on an ANN-MLP finally esti-
mates the corresponding glucose level. The design of 
the algorithm and its training are developed in Python 
3.8, using various libraries for machine learning. Each 
solution with a particular glucose concentration has a 
database formed with the experimental voltage and 
current data obtained. These data used to train the 
ANN model are obtained from the experimental values 
shown in Figure 10 relative to the behavior of the 
MWCNT-Cu sensor. Two training sessions are carried 
out to validate the machine learning algorithm, one for 
the current data set corresponding to the voltage level 
of 1.3 V and another for the voltage level of -0.455 V for 
different glucose concentrations. The proposed ANN-
MLP architecture has two input layers for the two case 
training: the electric current and the molar concentra-
tion. For the voltage level of 1.3 V it comprises four 
hidden layers of 16, 20, 20, and 1 neurons and an out-
put layer corresponding to the glucose level estima-
tion, as shown in Table 1. The activation function of the 
input layer is a Relu function, the learning rate of the 
classifier is defined as a constant equal to 0.018. 

 

Input Layer Hidden Layers Output 
Layer 

Current 
Measure, 

Molar 
Concentration 

16-20-20-1 
Molar 

Concentration 
Estimated 

TABLE 1. Proposed ANN-MLP for training at 1.3 V.
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For the current data set corresponding to the 1.3 V 
voltage level, Table 2 provides hyperparameter infor-
mation for this model. 

 

 

Hyperparameters Proposed ANN-MLP 

Kernel Linear 
Optimizer Adam 

Activation Function Relu 
Error MAE 
Epoch 8500 
Degree 1 

Learning Rate 0.018 
Bias  Boolean 

TABLE 2. Hyperparameters of the proposed ANN-MLP 
model at 1.3 V.

The experimental value of glucose concentration is 
obtained by feeding the ANN-MLP algorithm trained in 
real-time with a current value obtained from the elec-
trochemical cell for a specific voltage value while per-
forming cyclic voltammetry (Figure 8). For the 1.3 V 
case, Table 3 shows the molar concentration data used 
for the first training of the proposed ANN-MLP at 1.3 V 
and the results obtained by the algorithm after train-
ing. It is observed that there is an average error of 
0.0138 between the glucose concentration and the esti-
mated value. 

 

 

 
Experimental 

currents    
			×10-7 (A) 

 
Glucose 

concentrations 
(µM) 

Glucose 
concentratio
n obtained 
with ANN-
MLP (µM) 

1.94 1 0.979088 

2.95 5 4.98703 

4.41 10 9.99455 

5.31 15 14.9987 

6.73 25 25.0102 

7.83 50 50.0158 

9.39 100 100.023 

10.0 250 250.021 

TABLE 3. Glucose concentrations at 1.3 V.

Figure 11 shows the final correlation between the pro-
posed ANN-MLP training results and the experimental 
data. It is observed that the red curve corresponding to 
the results obtained by the RN tends to fit well with the 
blue curve corresponding to the input values, which 
indicates adequate algorithm training. These results 
are obtained with a sequential architecture with four 
hidden layers of 16, 20, 20, 1, a learning rate of 0.018, 
and a ReLu-type activation function.

FIGURE 11. Input data and values estimated by the proposed 
ANN-MLP for experimental data at 1.3 V.

FIGURE 12. Error trend vs. epochs of the proposed ANN-MLP 
for experimental data at 1.3 V.

The training in the proposed ANN-MLP is adjusted for 
different epochs, and the error trend is evaluated. 
Figure 12 shows that the error tends to zero for 8500 
epochs.

The procedure is similar to estimating glucose consid-
ering the current data set corresponding to the voltage 
level of -0.455 V. The proposed ANN-MLP architecture 
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has two input layers: the electric current and the molar 
concentration. For the voltage level of -0.445 V it com-
prises four hidden layers of 12, 10, 10, and 1 neurons 
and an output layer corresponding to the glucose level 
estimation, as shown in Table 4. The activation func-
tion of the input layer is a Relu function, the learning 
rate of the classifier are defined as a constant equal to 
0.018.

 

 

 

 

Input Layer Hidden Layers Output 
Layer 

Current 
Measure, 

Molar 
Concentration 

12-10-10-1 
Molar 

Concentration 
Estimated 

TABLE 4. Proposed ANN-MLP for training at -0.445 V.

The experimental value of glucose concentration is 
obtained by feeding the proposed ANN-MLP algorithm 
trained in real-time with a current value obtained from 
the electrochemical cell for a specific voltage value 
while performing cyclic voltammetry (Figure 8). Table 
5 provides hyperparameter information for this model.

 

 

Hyperparameters Proposed ANN-MLP 

Kernel Linear 
Optimizer Adam 

Activation Function Relu 
Error MAE 
Epoch 4500 
Degree 1 

Learning Rate 0.018 
Bias  Boolean 

TABLE 5. Hyperparameters of proposed ANN-MLP model at 
-0.445 V.

For the -0.445 V case, Table 6 shows the molar concen-
tration data used for the second training of the pro-
posed ANN-MLP at -0.455 V and the results obtained 
by the algorithm after training. It is observed that there 
is an average error of 0.0341 between the glucose con-
centration and the estimated value.

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Experimental 

currents    
×10-8 (A) 

 
Glucose 

concentrations 
(µM) 

Glucose 
concentratio
n obtained 
with ANN-
MLP (µM) 

-4.10 1 1.01725 

-4.64 5 5.01976 

-5.76 10 10.0197 

-6.32 15 15.0241 

-7.50 25 25.0483 

-7.90 50 50.0492 

-8.92 100 100.061 

TABLE 6. Glucose concentrations at -0.455 V.

The results for this second training are similar to the 
previous ones. Figure 13 shows the final correlation 
between the proposed ANN-MLP training results and 
the experimental data. It is observed again that the red 
curve corresponding to the results obtained by the 
ANN tends to have a good fit with the blue curve corre-
sponding to the input values, which indicates adequate 
algorithm training.

FIGURE 13. Input data and values estimated by the proposed 
ANN-MLP for experimental data at -0.455 V.

For this second training, the proposed ANN-MLP 
architecture changes to 10 hidden layers, a learning 
rate of 0.018, and the limit of the error that tends to 
zero reached its minimum value of 0.017 at 4500 
epochs, as shown in Figure 14.
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FIGURE 14. Error trend vs. epochs of the proposed ANN-MLP 
for experimental data at -0.455 V.

We can deduce the great advantage of incorporating 
machine learning algorithms into complex experimen-
tal systems from the results obtained. About Figure 10, 
to validate the machine learning algorithm, the two 
training sessions of the proposed ANN-MLP are com-
pared, one for the set of current data corresponding to 
the voltage level of 1.3 V and another for the voltage 
level of -0.455 V for different glucose concentrations. It 
is observed that for the case of the voltage at 1.3 V, the 
current data are relatively easy to identify, unlike those 
presented for the voltage level of -0.455 V. For the 
obtained data at the point -0.455 V, the algorithm auto-
matic learning is fed by two current values, one refer-
ring to the oxidation and the other to the reduction of 
glucose, eliminating the one with the lowest magni-
tude of current, because it is in the middle of the cyclic 
voltammetry. The increase in glucose presents a more 
significant negative current. On the other hand, the 
implementation acquisition and processing of the data 
at the 1.3 V point appears directly proportional to the 
positive current and the glucose concentration through 
a single current value, this being the maximum value, 
making the implementation of the algorithm more 
straightforward. The contribution of the system based 
on the training of the ANN-MLP is independent of the 
experimental conditions in which the information is 
found. Therefore, obtaining an ANN architecture 
according to the experimental system is feasible to 
facilitate manipulating information and obtaining 

results. In this experiment, an accuracy of 96.7 % is 
obtained for the model with 20 hidden layers and 97.8 
% for the model with ten hidden layers, which indi-
cates a good level of training of the proposed algo-
rithms.

CONCLUSIONS
It is concluded that it is feasible to synthesize a higher 

resolution nanostructured sensor for glucose measure-
ment in real-time in aqueous media, aided by machine 
learning algorithms. The implemented measurement 
system incorporates nanotechnology through an 
MWCNT-Cu nanostructured sensor, AI through the 
training of machine learning algorithms based on 
ANN-MLP, and digital electronics through ANN-MLP 
algorithms embedded in an ESP32 SoC . With these 
elements, a robust system that estimates the glucose 
level in real time of an aqueous medium in an oxida-
tion-reduction process under cyclic voltammetry is 
integrated. The proposed method based on the current 
obtained by cyclic voltammetry saves time in data pro-
cessing and increases its accuracy, therefore getting 
glucose concentrations more efficiently. This method-
ology allows the same CV to have two points of interest 
to compare and measure the glucose concentration in 
real-time, at -0.455V and 1.3V.  The training of the ANN 
at the 1.3 V point resulted in an accuracy of 96.7 %, and 
the model implemented at -0.455 V reached an accu-
racy of 97.8 %. However, its operating and glucose mea-
surement range was a maximum of 100 µM. For its 
part, with the data provided from the sensor at 1.3 V, it 
is possible to distinguish up to 250 µM, which validates 
the increased resolution of the synthesized sensor. 
This experimental system based on ANN-MLP training 
can consider other input variables, such as tempera-
ture or voltage scanning speed. Therefore, it is feasible 
to obtain an ANN architecture according to the experi-
mental system to facilitate the manipulation of infor-
mation and obtaining results.

From the point of view of technological development, 
future work considers optimizing the sensor proposed 
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in this work (MWCNT-Cu) without considering the 
glass carbon electrode as a base. The goal is to develop 
a more compact and high-accuracy device. From the 
point of view of basic research, it is considered to 
improve the machine learning algorithm by including 
algorithms of the Echo State Network (ESN) type, 
which is one the most used methods in machine learn-
ing to predict complex dynamics, such as chaotic time 
series [23]. Implementing these algorithms with differ-
ent topologies can help us predict the experimental 
behavior of some physical phenomenon in an experi-
mental study under other circumstances.

ETHICAL STATEMENT
The authors declare no potential conflicts of interest 

with respect to the research, authorship, and / or publi-
cation of this article.

AUTHOR CONTRIBUTIONS
U.J.T.P. conceptualized and led the research, oversaw 

the experiments. X.A.A.G. carried out experiments and 
analyses, O.R.L.B. carried out analyses and validated 
the results. O.A.A.C. contributed to the design and 
implementation of A.I. algorithms and validated the 
results. E.V.V. interpreted and visualized the resulting 
data and participated in the reviewing and editing of 
the final manuscript. E.E.G.G. participated in the 
designed and development of methodology, carried 
out formal analyses and wrote the original draft. All 
authors reviewed and approved the final version of the 
manuscript.

82 REVISTA MEXICANA DE INGENIERÍA BIOMÉDICA VOL. 44 | NO. 4 | SPECIAL ISSUE 2O23 



REFERENCES
[1]  R. Wilson and A. P. F. Turner, “Glucose oxidase: an ideal enzyme,” 

Biosens. Bioelectron., vol. 7, no. 3, pp. 165–185, Jan. 1992, doi: 
https://doi.org/10.1016/0956-5663(92)87013-F

[2]  P. N. Bartlett and F. A. Al-Lolage, “There is no evidence to support 
literature claims of direct electron transfer (DET) for native glucose 
oxidase (GOx) at carbon nanotubes or graphene,” J. Electroanal. 
Chem., vol. 819, pp. 26–37, Jun. 2018, doi: https://doi.
org/10.1016/j.jelechem.2017.06.021

[3]  P. Bollella and L. Gorton, “Enzyme based amperometric biosen-
sors,” Curr. Opin. Electrochem., vol. 10, pp. 157–173, Aug. 2018, 
doi: https://doi.org/10.1016/j.coelec.2018.06.003

[4]  G. Wang, X. He, L. Wang, A. Gu, Y. Huang, B. Fang, B. Geng, X. 
Zhang, “Non-enzymatic Electrochemical Sensing of Glucose,” 
Microchim. Acta, vol. 180, pp. 161–186, Feb. 2013, doi: https://doi.
org/10.1007/s00604-012-0923-1

[5]  D.-W. Hwang, S. Lee, M. Seo, and T. D. Chung. “Recent Advances in 
Electrochemical Non-enzymatic Glucose Sensors - A Review,” 
Anal. Chim. Acta, vol. 1033, pp. 1–34, Nov. 2018, doi: https://doi.
org/10.1016/j.aca.2018.05.051

[6]  X. Kang, Z. Mai, X. Zou, P. Cai, and J. Mo. “A sensitive nonenzy-
matic glucose sensor in alkaline media with a copper nanocluster/
multiwall carbon nanotube-modified glassy carbon electrode,” 
Anal. Biochem., vol. 363, no. 1, pp. 143-150, Apr. 2007, doi: https://
doi.org/10.1016/j.ab.2007.01.003

[7]  A. B. Radwan, S. Paramparambath, J.-J. Cabibihan, A. K. Al-Ali, P. 
Kasak, et al., “Superior Non-Invasive Glucose Sensor using 
Bimetallic CuNi nanospecies coated mesoporous carbon,” 
Biosensors, vol. 11, no. 11, art. no. 463, Nov. 2021, doi: https://doi.
org/10.3390/bios11110463

[8]  C. Tiwari, S. S. Jha, R. Kumar, M. Chhabra, B. D. Malhotra, and A. 
Dixit, “Exfoliated graphite carbon paper-based flexible nonenzy-
matic glucose sensor,” Mater Sci. Eng. B, vol. 285, art. no. 115931, 
Nov. 2022, doi: https://doi.org/10.1016/j.mseb.2022.115931

[9]  Q. Fang, H. Wang, X. Wei, Y. Tang, et al., “Cu Aerogels with 
Sustainable Cu(I)/Cu(II) Redox Cycles for Sensitive Nonenzymatic 
Glucose Sensing,” Adv. Healthc. Mater., Jun. 2023, doi: https://doi.
org/10.1002/adhm.202301073

[10]  Y. Zhao, Y. Jiang, Y. Mo, Y. Zhai, J. Liu, A. C. Strzelecki, X. Guo, C. 
Shan, “Boosting electrochemical catalysis and nonenzymatic sens-
ing toward glucose by Single-Atom PT supported on Cu@CuO Core–
Shell nanowires,” Small, vol. 19, no. 18, art. no. 2207240, Jan. 
2023, doi: https://doi.org/10.1002/smll.202207240

[11]  A. Osorio Villa, “Oxidación electroquímica de glucosa con 
nanopartículas de oro soportadas en pasta de grafito/carbon 
(AuNPs/C),” M.S. tesis, CIDETEQ, Tijuana, México, 2017. [Online]. 
Available: http://cideteq.repositorioinstitucional.mx/jspui/han-
dle/1021/163

[12]  L. N. T. Mai, T. H. Tran, Q.-B. Bui, and H.-T. Nhac-Vu, “A novel 
nanohybrid of gold nanoparticles anchored copper sulfide 
nanosheets as sensitive sensor for nonenzymatic glucose detec-
tion,” Colloids Surf. A: Physicochem. Eng. Asp., vol. 582, art. no. 
123936, Dec. 2019, doi: https://doi.org/10.1016/j.col-
surfa.2019.123936

[13]  T. T. Aun, N. M. Salleh, U. F. M. Ali, and N. S. A. Manan, “Non-
Enzymatic glucose sensors involving Copper: An Electrochemical 
perspective,” Crit. Rev. Anal. Chem., vol. 53, no. 3, pp. 537–593, 
Sep. 2021, doi: https://doi.org/10.1080/10408347.2021.1967720

[14]  G. Martínez-Saucedo, M. Ugalde-Reygadas, J.J. Alcántar Peña, G. 
Lastra-Medina, J. Márquez-Marín, G. Torres-Delgado, R. 
Castanedo-Pérez, I.R. Chávez-Urbiola, “Non-enzymatic glucose 
sensor using nanostructured copper oxide thin films deposited by 
spray pyrolysis,” Surf. Interfaces, vol. 37, art. no. 102702, Apr. 
2023, doi: https://doi.org/10.1016/j.surfin.2023.102702

[15]  O. Ghodbane, L.Roué, and D. Bélanger, “Copper electrodeposition 
on pyrolytic graphite electrodes:Effect of the copper salt on the_
electrodeposition_process,” Electrochim. Acta, vol. 52, no. 19, pp. 
5843–5855, May 2007, doi: https://doi.org/10.1016/j.elec-
tacta.2007.03.009

[16]  X. Zhang, G. Wang, X. Liu, J. Wu, M. Li, J. Gu, H. Liu, and B. Fang, 
“Different CUO nanostructures: synthesis, characterization, and 
applications for glucose sensors,” J. Phys. Chem. C, vol. 112, no. 43, 
pp. 16845–16849, Oct. 2008, doi: https://doi.org/10.1021/
jp806985k

[17]  J. Yang, W.-D. Zhang, and S. Gunasekaran, “An amperometric 
non-enzymatic glucose sensor by electrodepositing copper nano-
cubes onto vertically well-aligned multi-walled carbon_nanotube_
arrays,” Biosens. Bioelectron, vol. 26, no. 1, pp. 279–284, Sep. 2010, 
doi: https://doi.org/10.1016/j.bios.2010.06.014

[18]  A. Singh, A. Sharma, A. Ahmed, A. K. Sundramoorthy, H. 
Furukawa, S. Arya and A. Khosla, “Recent advances in 
Electrochemical biosensors: applications, challenges, and future 
scope,” Biosensors, vol. 11, no. 9, art. no. 336, Sep. 2021, doi: 
https://doi.org/10.3390/bios11090336

[19]  Y. Zhao, H. Zhang, Y. Li, X. Yu, et al., “AI powered electrochemical 
multi-component detection of insulin and glucose in serum,” 
Biosens. Bioelectron., vol. 186, art. no. 113291, Aug. 2021, doi: 
https://doi.org/10.1016/j.bios.2021.113291

[20]  A. C. de Sá, A. Cipri, A. González-Calabuig, N. R. Stradiotto, and M. 
del Valle, “Resolution of galactose, glucose, xylose and mannose in 
sugarcane bagasse employing a voltammetric electronic tongue 
formed by metals oxy-hydroxide/MWCNT_modified_electrodes,” 
Sens. Actuators B Chem., vol. 222, pp. 645–653, Jan._2016, doi: 
https://doi.org/10.1016/j.snb.2015.08.088

[21]  M.-L. Chen and W.-C. Oh, “Synthesis and highly visible-induced 
photocatalytic activity of CNT-CdSe composite for methylene blue 
solution,” Nanoscale Res. Lett., vol. 6, art. no. 398, May 2011, doi: 
https://doi.org/10.1186/1556-276x-6-398

[22]  N. Torto, T. Ruzgas, and L. Gorton, “Electrochemical oxidation of 
mono- and disaccharides at fresh as well as oxidized copper elec-
trodes in alkaline media,” J. Electroanal. Chem., vol 464 no. 2, Mar. 
1999, pp. 252-258, doi: https://doi.org/10.1016/S0022-
0728(99)00041-8

[23]  A. M. Gonzalez-Zapata, L. G. de la Fraga, B. Ovilla-Martinez, E. 
Tlelo-Cuautle, I. Cruz-Vega, “Enhanced FPGA implementation of 
Echo State Networks for chaotic time series prediction,” 
Integration, Vol. 92, pp. 48-57, Sep. 2023, doi: https://doi.
org/10.1016/j.vlsi.2023.05.002

83Xenia Azareth Ayon-Gómez  et al.  Sensor for Real-Time Glucose Measurement in Aqueous Media based on Nanomaterials Incorporating an 
Artificial Neural Network Algorithm on a System-On-Chip 

https://doi.org/10.1016/0956-5663(92)87013-F
https://doi.org/10.1016/j.jelechem.2017.06.021
https://doi.org/10.1016/j.jelechem.2017.06.021
https://doi.org/10.1016/j.coelec.2018.06.003
https://doi.org/10.1007/s00604-012-0923-1
https://doi.org/10.1007/s00604-012-0923-1
https://doi.org/10.1016/j.aca.2018.05.051
https://doi.org/10.1016/j.aca.2018.05.051
https://doi.org/10.1016/j.ab.2007.01.003
https://doi.org/10.1016/j.ab.2007.01.003
https://doi.org/10.3390/bios11110463
https://doi.org/10.3390/bios11110463
https://doi.org/10.1016/j.mseb.2022.115931
https://doi.org/10.1002/adhm.202301073
https://doi.org/10.1002/adhm.202301073
https://doi.org/10.1002/smll.202207240
http://cideteq.repositorioinstitucional.mx/jspui/handle/1021/163
http://cideteq.repositorioinstitucional.mx/jspui/handle/1021/163
https://doi.org/10.1016/j.colsurfa.2019.123936
https://doi.org/10.1016/j.colsurfa.2019.123936
https://doi.org/10.1080/10408347.2021.1967720
https://doi.org/10.1016/j.surfin.2023.102702
https://doi.org/10.1016/j.electacta.2007.03.009
https://doi.org/10.1016/j.electacta.2007.03.009
https://doi.org/10.1021/jp806985k 
https://doi.org/10.1021/jp806985k 
https://doi.org/10.1016/j.bios.2010.06.014
https://doi.org/10.3390/bios11090336
https://doi.org/10.1016/j.bios.2021.113291
https://doi.org/10.1016/j.snb.2015.08.088
https://doi.org/10.1186/1556-276x-6-398
https://doi.org/10.1016/S0022-0728(99)00041-8
https://doi.org/10.1016/S0022-0728(99)00041-8
https://doi.org/10.1016/j.vlsi.2023.05.002
https://doi.org/10.1016/j.vlsi.2023.05.002


ibRESEARCH ARTICLE 

VOL. 44 | NO. 4 | SPECIAL ISSUE 2O23 | PP 84 - 104

E-LOCATION ID: 1386

ABSTRACT
We have developed and present in this work a series of algorithms that display a long-duration electrocardiogram 
(ECG) in a compact form of stacked beats, extracting and visualizing the basic features and facilitating the tedious and 
time-consuming process of ECG analysis for cardiologists. The expert system based on this representation provides 
detection of atypical heartbeats, precursors of cardiovascular disease, and their locations in each of the 12 leads. This 
system was extensively tested with two public databases, MIT-BIH arrhythmia database and China Physiological 
Signal Challenge (CPSC2018), showing its rapid ECG processing and high efficiency in detecting abnormalities in 
beat morphology. In particular, tests for atypical beats based on the CPSC2018 database revealed that the set of ECGs 
marked as normal contains a considerable number of leads with atypical beats. The system is used as a classifier 
into two classes, normal beats, and atypical beats, the latter being the precursors or indicators of cardiovascular 
diseases (CVD). It is considered potentially useful for routine studies in groups at high risk of CVD in early stages, 
as a preventive medicine tool in the public health area. The system allows an intervention of a cardiologist in the 
intermediate stages of ECG analysis to corroborate the diagnosis in ambiguous cases.

KEYWORDS: atypical beats detection, cardiovascular diseases at an early stage, ECG computer-assisted analysis, 
preventive medicine, stacked beats representation of ECG
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RESUMEN 
Desarrollamos y presentamos una serie de algoritmos que muestran un electrocardiograma (ECG) de larga duración 
en forma compacta de latidos apilados, extrayendo y visualizando características básicas y facilitando el tedioso 
y lento proceso de análisis de ECG para cardiólogos. El sistema experto basado sobre esta representación provee 
detección de latidos cardíacos atípicos, precursores de enfermedades cardiovasculares (ECV) y su ubicación en cada 
uno de las 12 derivadas. Este sistema se probó exhaustivamente con dos bases de datos públicas, base de datos de 
arritmias del MIT-BIH y China Physiological Signal Challenge (CPSC2018), lo que demostró su rápido procesamiento 
de ECG y alta eficiencia en la detección de anomalías en la morfología de los latidos. En particular, las pruebas en 
la base de datos CPSC2018 revelaron que el conjunto de ECG marcados como normales contiene una cantidad 
considerable de derivadas con latidos atípicos. El sistema se utiliza como clasificador en dos clases, latidos normales 
y atípicos, siendo estos últimos indicadores de enfermedades cardiovasculares (ECV). Se considera potencialmente 
útil para estudios de rutina en grupos con alto riesgo de ECV en etapas tempranas, como herramienta de medicina 
preventiva en el área de salud pública. El sistema permite la intervención del cardiólogo en etapas intermedias del 
análisis del ECG para corroborar el diagnóstico en casos ambiguos.

PALABRAS CLAVE: detección de latidos atípicos, enfermedades cardiovasculares en etapa temprana, análisis asistido por 
computadora de ECG, medicina preventiva, representación de latidos apilados de ECG
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High mortality in the world population (see World 
Health Organization (WHO) 2023 data) caused by car-
diovascular diseases (CVDs), demands the attending 
early diagnosis of CVD in extensive risk groups of the 
population. An electrocardiogram (ECG) depicts the 
electrical activity of the heart and is the most common 
clinical technique that provides essential information 
for the diagnosis of CVD. Analysis of ECG and CVD 
diagnosis is done by a cardiologist mainly. The visual 
inspection of the ECG by an expert is a delicate and 
somehow tedious process that takes time. As a conse-
quence, it is difficult to expect a quick, precise, com-
plete, and systematic analysis of 12 leads ECGs of mid 
and long-term. So, computer-assisted techniques for 
ECG analysis should be developed and applied to assist 
a cardiologist in accurate and prompt evaluation of 
heart conditions [1][2][3].

In the last two decades, several computer-assisted 
expert systems and classifiers for the characterization 
of ECGs have been proposed. Methods of ECG analysis 
and characterization (diagnosis) include three groups 
of elements: algorithms of preprocessing, characteris-
tic spaces, and classifiers themselves acting on the 
characteristic space. ECG analysis methods and tech-
niques can differ in any of the three mentioned compo-
nents. In the first group, thresholding techniques have 
been used to reduce the amount of information present 
in the image, and keep only the relevant information [2] 
and normalization process in time and amplitude used 
to avoid that feature extraction processes is affected 
due to physiology, sex and age of the patient, and 
parameters of the measurement system [4][5][6]. The 
wavelet transform at this stage is highly appreciated 
for its properties of multiresolution decomposition of 
ECG signal and the providing of multi-scale features, to 
extract the most representative characteristics for 
being used by a Component Analysis algorithm (PCA), 
linear discriminant analysis (ICA) or simply as input to 
a neural network [7][8][9][10][11][12]. Certain frequency ranges 
have been selected using band-pass, median, average, 

and finite impulse response (FIR) filters [4][13][14][15][16][17] 
to detect main energy components of the signal and 
locate the QRS complexes mainly, and facilitate the 
segmentation of heartbeats, QRS regions and RR inter-
vals. The accuracy in segmentation is crucial because it 
determines the performance of the classifier used. In 
this type of signals, a very important process is the 
location of R-wave peaks, since it is the basis for mea-
suring intervals, QRS complexes and waves. The Pan-
Tompkins algorithm is widely used for peak wave 
location task [13][18][19].

Second, the algorithms for feature extraction in the 
ECG analysis used to reduce dimensionality are the 
algorithm PCA and LDA [6][8][20][21], while the algorithm 
ICA is used to extract morphological features [8]. Signal 
transformation methods are widely used, the ECG sig-
nals are decomposed into time-frequency representa-
tions using Fourier transform and discrete wavelets [5]

[22], Haar wavelets [2]. Empirical mode decomposition 
(EMD) is used to detect R-peaks and QRS complex [10][23]. 
Statistical methods have been applied to obtain statis-
tical characteristics [9][12][17][24][25] to form the feature 
space that represents the input to the classifier. Third, 
the most used methods in the classification of ECG sig-
nals are machine learning algorithms, such as convolu-
tional neural networks [4][18][19][26][27], also known as deep 
learning. Those do not need the preprocessing and 
feature extraction stage because raw data are handled 
as input to these models. Also, in this approach they 
have experimented with the data preprocessing using 
CWT [12] wavelets and IIR filters [15]. They have dabbled 
applying deep learning with long short-term memory 
networks [28], recursive neural networks [16][29][30], and 
random forests [17] to improve mainly the stage of detec-
tion and classification of abnormalities in ECG signals. 
The databases most used in these works is the MIT-BIH 
[31], followed by the China CPSC2018 database [32].

In deep learning, the feature space is a black box; 
researchers do not know the selected features of the 
model. In the approaches without deep learning tech-
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niques, combinations of characteristic features have 
been used. Although they report outstanding results, 
they do not indicate the location of the cardiac abnor-
mality in the ECG to verify the diagnosis, decreasing 
the trust of specialists in the computer-aided systems.

To avoid unnecessary repetitions, in this part of the 
introduction to our article, we suggest reading the 
introduction in [24] that compiles and describes in a suf-
ficiently complete and concise way the primary knowl-
edge about ECG signals, and explains the necessity of 
computer method for the cardiovascular diseases 
(CVD) detection. The recent methods of (approaches 
to) ECG analysis and classification are also referred to 
and briefly discussed. For that reason, only a few 
resumed theses we would like to add to that descrip-
tion to highlight some specific points that will help us 
to explain our methodology.

First, different CVDs are displayed through the differ-
ent ECG leads or their combinations; so, for the system-
atic ECG analysis, it is important to process some spe-
cific groups of them, if not all 12 leads, at once. At the 
early stage of CVD, abnormal heartbeats appear from 
time to time between normal ones; so, mid to long-
term ECGs are needed to be processed to detect them 
and, due to the amount of information, that has to be 
computer processed.

Second, ECG signals of different groups of the popula-
tion depend on many factors such as gender, age, race, 
stature, and weight among others. In addition, ECGs 
show a natural time variability. Most of the recent 
methods are oriented mainly on the detection of spe-
cific waveform alterations of heartbeats and deal with 
the analysis of ECGs of reduced groups of people with 
notably developed dysfunctions in heart activity. 
Nevertheless, both in training and validation of CVD 
classifiers (expert systems, in general) extensive and 
accurately characterized databases are needed. There 
are bases accessible for public use but those have some 
shortness in a systematic database organization and 

reliable validation by a group of cardiologists.

Third, cardiologists being a conservative group in 
their methods of disease diagnosis are somehow dis-
trusting to accept technological novelties and new 
practices in methods of diagnosis if those are not inter-
active or controlled directly by them. Public health care 
requires early detection of CVDs at the checking of risk 
groups of the population to prevent premature death 
caused by CVD; it means that one has to be able to 
detect minor changes in beats´ morphology that are 
not observable easily. So, expert systems for com-
pletely automatized and computerized diagnosis are 
necessary for the preventive checking of public health, 
but those should be trustful for physicians.

In this work, we develop a computer-assisted expert 
system for the detection of atypical heartbeats. That is 
aimed at the early detection of CVD when minor 
changes in beats´ morphology are difficult to observe. 
At this stage, we focus on the computer-assisted classi-
fication of any of the 12 ECG leads into two classes, 
ECGs of healthy persons and persons with an alert of 
heart disease. The final specific diagnosis of risk in 
CVD is due to a cardiologist or by a higher-level classi-
fier. The system is designed to be open to the interme-
diate data validation by a cardiologist and his participa-
tion in the process, if necessary. To this end, we pro-
pose a compact stacked beats representation of 12 lead 
ECG. Each lead of the raw ECG signal is segmented into 
the heartbeats using RR-interval statistics and P-wave 
detection, followed by the correction of the isoelectric 
and baseline wander. Then, the heartbeats are stacked 
matching the peaks of R-wave, and the mean of the 
beats is calculated.

The latter is considered as the reference beat of ECG 
lead. All main morphological characteristics of ECG 
such as HRV, intervals, segments, and amplitudes of 
heartbeat waves are calculated. Statistical features of 
morphological differences between beats of ECG lead 
and the respective reference beat are calculated; the 



88 REVISTA MEXICANA DE INGENIERÍA BIOMÉDICA VOL. 44 | NO. 4 | SPECIAL ISSUE 2O23 

latter is used for the atypical beats detection. 

The work is organized as follows. In section 2 we 
describe the basic principles and pseudocodes of algo-
rithms used for the ECG preprocessing and its partition 
in beats and the compact representation of ECG signals 
by stacked heartbeats. Based on this representation, 
we propose the characteristic metric space for the 
heartbeats analysis and classification into two classes, 
normal and atypical beats. Section 3 briefly describes 
the design of experiments for the validation of expert 
system algorithms and datasets used to this end. 
Section 4 presents the results of the computer simula-
tion of the expert system on the China Physiological 
Signal Challenge 2018 database and MIT-BIH arrhyth-
mia database. Conclusions and discussion are given in 
section 5, followed by references in section 6.  

MATERIALS AND METHODS

Basic principles and algorithms
Similarity of heartbeats and natural cardiac 

variability 

FIGURE 1. Schematic depiction of a standard normal ECG 
signal [36]

An electrocardiogram (ECG) is the most widely used 
tool for detecting cardiovascular diseases [33]. ECG maps 
the heart's electrical activity as a sequence of events 
associated with the generation and conduction of elec-

trical impulses in the chambers of the heart [34]. The 
complete cardiac cycle of a standard D1 or D2 lead of 
ECG demonstrates the sequence of P, QRS, T, and 
U-waves along with the respective intervals and seg-
ments between them [35]. The U-wave located in the 
ECG after T-wave is generally not presented, due to its 
dependency on the T-wave amplitude and heart rate [1]

[29]. The P-wave is associated with atrial depolarization; 
the QRS complex, most common in each cardiac cycle, 
represents the depolarization of the ventricles; and the 
T-wave shows the repolarization of the ventricles [2]. 
The QRS complex is considered a crucial waveform in 
the ECG which consists of three deflection points: Q, R, 
and S. R-peak is the most prominent peak in the ECG. 
Changes in the characteristics of these waves and 
intervals may indicate the presence of arrhythmia in 
the heart. So, accurate interpretation of ECG is critical 
in the detection of cardiac diseases [3]. A typical repre-
sentation of the D1 or D2 standard lead of the ECG sig-
nal is given in Figure 1.

The ideal ECG signal is expected to be a periodic func-
tion of a certain morphology, but it is affected by many 
factors such as natural cardiac variability, personal 
physiology, electric contacts colocation, and apparatus 
noise among others. In addition, the ECG of a person is 
so individual that can be considered as a part of a bio-
metric identification system [37]. A group of the 12 leads 
of ECG signal is used to be recorded simultaneously in 
each cardiac test. So, many features have to be taken 
into account to process, analyze, and classify an ECG. 
The algorithms presented below constitute our compu-
tational system for the processing and classification of 
ECG heartbeats in sets of normal and atypical ones. 
The method is based on a compact representation of 
each ECG lead through its processing and segmenta-
tion, and the stacking of heartbeats of each lead in a 
special way.

R and P wave peak detection

For the segmentation of an ECG into heartbeats, we 
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start with the R-peaks detection in the DI or DII lead, 
the latter have similar morphology. We use a rather 
simple semi-empirical algorithm for R-wave peak 
detection. 

The steps of the algorithm to detect an R-wave peak 
are as follows: 

1. The array of the DI or DII lead of ECG is loaded 
into the system, where the notation R is used for 
the voltage and T for the corresponding instant 
of time of the signal.

2. Find the absolute maximum Rmax in the first 10 
seconds subarray of DI or DII. 

3. Set the threshold Rth=0.5Rmax.
4. In the complete array find all the values Rj and 

corresponding  instants Tj  such that Rj > Rth, and 
( T j+1  -  T j  )   <   SR  / 5 ,  forming  the  set of pairs 
{(Rj,Tj)i : i =1,2, … ,N} that belong to the i-th 
R-wave; N is the number of heartbeats and SR is 
the sampling rate. 

5. Find the absolute maximum of voltage R in each 
subset (Rj , Tj)i that is the peak of the i-th R-wave.        

6. If necessary for the revision, plot ECG with 
R-peaks detected (see Figure 2).

FIGURE 2. The detected R-wave peaks. Normal ECG, left; 
abnormal ECG, right.

Figure 2 shows an example of R-wave peaks detected 
in a normal and abnormal ECG. The plot of ECG with 

the detected R-peaks can be displayed on the monitor 
for the convenience of analysis by the cardiologist. 

Heart rate calculation and depiction

RR intervals are one of the basic features of ECG that 
provide important information to the physician about 
the heart rate and its variability. After obtaining the 
location of all R-peaks d s the time intervals ∆Ti between 
the current and next R-peaks: 

The heart rate (number of beats per minute) is calcu-
lated as the inverse of RR intervals: 

To characterized the heartbeat variability (HBV) the 
standard deviation is also calculated:

where HR = E [ HRi ] is the mean of heartbeat rate. In 
order to facilitate the analysis of ECG for the cardiolo-
gist we display HBV in a dot plot. Figure 3 shows the 
result of the calculation of HBV in two ECGs, one nor-
mal and the other abnormal. 

ECG segmentation and heartbeat stacking 
Localization of partition points

One of the essential keys in our compact representa-
tion of ECG is the location of partition points to divide 
the ECG into separate heartbeats; this is an especially 

∆𝑇𝑇! = 𝑇𝑇!"# − 𝑇𝑇!                                (1) 
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FIGURE 3. Depiction of heartbeat rate variability. Normal 
ECG, left; abnormal ECG, right.
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subtle step when the heartbeats are atypical. We pro-
ceed the following way. The interval (Ti - 10/SR) < tP(i) < 
(Ti - 20/SR) is used to search for the location of P wave 
maximum preceding the detected R peak at point Ti; 
where SR is the sampling rate of ECG signal, and the 
magnitudes tP (i) and Ti are instants of corresponding 
samples. After the location tP (i) of the Pi peak is calcu-
lated, we put the partition point at the distance

left to the point tPi. The interval ∆st=0.1 ms was sug-
gested by a cardiologist with the argument for the best 
positioning of partition point in ECG with the standard 
(typical) RR interval  Tst= 60/72  for the HR at 72 bpm 
(72 beats per 60 seconds); that is done to prevent the 
excessive cutting of the baseline after the T-wave.  In 
terms of current heartbeat rate HRi, we get from 
Equation (4) the relation.

∆!= ∆"# ∙
$!
$"#

                                    (4) 
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                                   (5) 

 

tial. Going from this consideration we propose the fol-
lowing algorithm for the isoelectric baseline correction 
in each heartbeat of segmented ECG.

First, the tangent of the original heartbeat baseline is 
calculated,

tan𝛼𝛼 = !!	#	!"#
$!	#	$"#

                              (6) 
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The latter adjustment, Equation (4) or (5), was made to 
compensate for the effect of HRV. After being seg-
mented into heartbeats, the array of original ECG is 
transformed into the matrix, each line of which is a 
single heartbeat data string. Then, we stack all heart-
beats of the ECG for the visual inspection and the fol-
lowing processing. Simple stacking looks somehow 
unadjusted, and isoelectric-baseline wander is also 
observed, especially for the abnormal ECGs. To correct 
the above-mentioned imperfections, we implement 
isoelectric-baseline correction and then restack heart-
beats, matching the R peaks of all plots. 

Correction of isoelectric and baseline wander  

The isoelectric baseline is defined in the literature in a 
variety of slightly different ways. In a normal ECG, it 
denotes resting membrane potentials in the TP inter-
val; those potentials should be ideally equal to zero. So, 
the beginning of each P wave and the T wave end of the 
heartbeat has to lie on the straight line of zero poten-

where Vin and Vf are the potentials at the initial and 
final points of a heartbeat, tf and tin are corresponding 
instants of time. Then, the corrected value V of heart-
beat potential for the current instant t is calculated as. 

This way the original, usually deflected heartbeat is 
settled on a zero-valued isoelectric baseline. Then the 
stacking of the baseline corrected heartbeats follows. 
That is the key element of ECG representation and a 
window for the cardiologist to check the course of 
automatic ECG processing and analysis.   

Stacking of heartbeats with R peaks’ matching

The matrix of baseline corrected heartbeats is taken 
as the input. We find the absolute value maximum of the 
matrix and then match the peak positions of the R-wave 
maxima of all heartbeats in a new matrix. To complete 
the stacked heartbeats representation of ECG we calcu-
late the mean heartbeat that carries the most important 
morphological information of the ECG lead and simplify 
the visual analysis of ECG; in addition, it is used as the 
reference for the later classification of beats. Note that the 
averaging removes high-frequency noise from the mean 
heartbeat, so it permits the use of raw ECGs without pre-
vious filtering. Figure 4 shows the above-indicated steps 
graphically: the correction of the isoelectric and baseline 
to the averaging of beats and identification of the P wave, 
QRS complex, T wave, and the PP, RR, PR, and QT seg-
ments, and their duration in milliseconds. 

The set of 12 leads is processed for the ECG to be inter-
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preted systematically. The mean of heartbeats is used 
as the reference beat of each lead and facilitates visual 
analysis and interpretation of heartbeats in ECG leads; 
which is used by cardiologists for computer-assisted 
diagnosis. Since the stacked heartbeats representation 
of ECG is based essentially on the P and ORS waves, the 
former can be efficiently implemented only for the 
ECGs that contain the DI or DII lead. Each lead of a nor-
mal ECG has a standard form of a heartbeat. When 
quite several heartbeats of ECG lead are distorted sig-
nificantly or HR is highly variable, the reference beat 
can differ notably from the standard beat of the lead 
and, in addition, the ECG partition into beats can fail or 
produce segments of multiple beats. 

Computer-assisted analysis of ECG for early detection 
of heart disease 

Morphological distortion of heartbeats and abrupt HR 
variations detected in the ECG signal is the indicator of 
CVD. Since abnormal heartbeats appear in ECG occa-
sionally, especially in the early stages of CVD, they can 
be detected by comparing them with the reference 
heartbeat; we take the mean heartbeat as the reference. 

FIGURE 4. The stacked heartbeats representation of DI lead, 
column: a) isoelectric line correction, b) isoelectric and 

baseline correction, c) the mean of the stacked heartbeats 
matching R-wave peaks (black line) and the calculation 

calculus of main elements of ECG. The first line of graphs is 
for an abnormal ECG signal, A0005 from CPSC2018 (50 
beats); the second one is for a normal ECG signal, A0016 

from CPSC2018 (25 beats)

To consider heartbeat morphology as the feature space 
in the mathematical sense for the heartbeats classifica-
tion one needs to define a measure to quantify the 
morphological distortions of a heartbeat. We propose 
to use the Hamming distance between the array of a 
current heartbeat of interest and the mean heartbeat of 
the same lead of ECG. The distance between the mean 
heartbeat Vmean and a given heartbeat Vi of one lead is 
calculated by the formula,

where Vi (n) is the n-th sample of the i-th heartbeat Vi, 
and N is the dimension of the array. The defined mea-
sure permits us to construct the detector of atypical 
beats and the classifier of heartbeats into 2.5 classes; 
those differ from each other in the algorithms used.

The detector acts as follows. In a given lead of ECG, 
the distance di = d (Vi , Vmean ) of each heartbeat from the 
mean heartbeat, Equation (8), and the mean of dis-
tances d, and the standard deviation σd of heartbeats’ 
distances are calculated,

The standard deviation is the characteristic parameter 
for the detector and classifier. We distinguish the beats 
of the two types, normal and atypical beats. The nor-
mal ones are close to the reference beat in the charac-
teristic space, and the atypical beats are distant from 
the prototype at a distance larger than the threshold 
value (see Equation (11)). The abnormal beats are a sub-
set of the class of atypical beats, usually, they are at 
distances notably larger than the threshold value. The 
detector assigns a heartbeat i into the class of atypical 
beats if

𝑑𝑑! = 𝑑𝑑(𝑉𝑉! , 𝑉𝑉"#$%) =
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where A is the adjusting parameter of the classifier. The 
less the latter the more sensitive to the morphological 
distortion of beats is the classifier. As an example, 
Figure 5 shows the distribution of distances and the 
separation of atypical beats from the normal (typical) 
ones; the classifier’s threshold ( d + Aσd ) is the red line 
at A = 2.5. 

FIGURE 5. Example of separation of atypical beats in 
abnormal ECG, column: a) original DI and DII lead of A0713 

register from CPSC2018; b) Distribution of heartbeats’ 
Hamming distance (the mean of distances – green line, 

separator of atypical heartbeats- red line); c) depiction of 
one of the atypical beats.

                 a)                               b)                            c)

Setting the adjusting parameter A at a desired value 
(see Equation 11), the detector can be used for the rapid 
separation of atypical heartbeats in mid- and long-term 
ECG leads for the posterior visual analysis by a cardiol-
ogist or the computer classification of beats. 

The borderline between the classes of normal and 
abnormal beats can’t be defined; instead, there is a bor-
der band class of warning beats that can be considered 
as belonging to the two classes in the sense of fuzzy 
logic. Starting from criterion (11), we propose the fol-
lowing algorithm for the detection of atypical or warn-
ing heartbeats. The beats of a lead, most distant from 
the reference heartbeat, are indicative for seeing if they 
are abnormal or not. At this stage of development, the 
expert system is used in two ways. Mode 1 detects a 
given number of the most distant (atypical) beats from 

the reference one. Mode 2 detects all heartbeats for the 
calculated σd and a fixed adjusting parameter A (see 
Equations (10) and (11)).

In mode 1, we set for the detector the desired number 
of the most distant beats, for example, M=3. Next, the 
algorithm runs a cycle for a descending set of values of 
A from 9 to 1, with step 0.1, counting the number of 
atypical beats detected at each value of A. When the 
number of detected atypical beats equals or exceeds 3, 
then the cycle is stopped and M vicinities of atypical 
beats (2 previous and 2 posterior beats are included) 
are displayed for the revision by a cardiologist. The 
pseudocode of the algorithm is as follows:

1. Choose an ECG lead to be processed, say L 
(=1,2,…,12) 

2. Set the desirable number (M=3 is recommended) of 
the atypical beats to be analyzed

3. Run processes for the partition of L into the beats 
4. Calculate the matrix of ECG lead representation 

through the stacking of beats 
5. Calculate the mean of the beats as the reference 

one 
6. Calculate the Hamming distance between each 

beat and the reference beat 
7. Calculate the standard deviation σd 
8. For i=0,1,2,…,80: 
9. Calculate Ai=9 - 0.1i 
10.  Calculate threshold d+Aiσd 
11.  Run classifier at Ai for L and calculate the number 

mi of atypical beats, see Equation (11) 
12.  If mi≥M=3 then display the vicinities of atypical 

beats
13.  End

The pseudocode of Mode 2 is slightly different from the 
previous one: 

1. Choose an ECG lead to be processed, say L 
(=1,2,…,12) 

2. Run processes for the partition of L into the beats 
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3. Calculate the matrix of ECG lead representation 
through the stacking of beats 

4. Calculate the mean of the beats as the reference 
one 

5. Calculate the Hamming distance between each 
beat and the reference beat

6. Calculate the standard deviation σd 

7. Set a desirable value of adjusting parameter A
8. Calculate threshold d+Aσd
9. Run classifier for the lead L at a given value of A 

(see Equation (11)) to detect atypical beats
10. Display the vicinities of atypical beats
11. End 

FIGURE 6. Typical stages of ECG leads processing; example of DI and DII leads from A1437 register of CPSC2028 database.
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The detected atypical heartbeats can be displayed 
along with the neighboring beats on the computer 
screen for visual inspection by a cardiologist. As an 
example, we present in Figure 6 the results of ECG 
processing by expert system executed in mode 2, for 
DI and DII leads from A1437 register of CPSC2018 data-
base. Slides a) and b) show original signals, followed 
by the heartbeat rate in slide c). Slides d) and e) depict 
stacked heartbeats representation followed by graphi-
cal representation of the classifier execution in slide f). 
The rest of slides demonstrate the vicinities of the 
detected atypical heartbeats. The stacked heartbeats 
representation of DI lead makes evident the splitting of 
the R peaks. If no one of the detected atypical beats 
can be considered abnormal, then the ECG lead is con-
sidered to be normal. The detector of atypical beats is 
auto-sufficient; it does not need any external training 
set of ECGs because both the reference heartbeat and 
the characteristic parameter σd are calculated using 
the heartbeats of the lead of interest.

Datasets and design of experiments
To facilitate the use of the algorithms we develop the 

interface with the following options: 

1.  Load a desired digitalized lead of ECG into the 
expert system

2.  Display the original ECG – for visual revision and 
analysis, if necessary

3. Choose the interval of ECG to be processed 
4. Detect and display the R peaks – for visual revision 

and analysis, if necessary
5. Divide the ECG into heartbeats 
6. Calculate and display (the heartbeat rate) HR and 

its standard deviation – for visual revision and 
analysis, if necessary

7. Correct the isoelectric and baseline of each heart-
beat 

8. Stack the processed beats, calculate their mean, 
and display them for compact representation of 
ECG – for visual revision and analysis, if necessary

9. Calculate Hamming distances between each heart-

beat and the mean of the heartbeats (reference 
heartbeat), and the standard deviation of this dis-
tribution  

10. Apply the detector of atypical heartbeats and dis-
play the results, with the vicinities of atypical 
heartbeats being included – for visual revision and 
analysis by a specialist for the final diagnosis, if 
necessary 

FIGURE 7. Flow chart of expert system

The functionality of the ECG stacked beats represen-
tation and the performance of the atypical heartbeat 
detector were evaluated on the two ECG databases: 
China Physiological Signal Challenge in 2018 
(CPSC2018), and the MIT-BIH public database. The 
CPSC2018 database consists of two subsets, 3,699 
males and 3,178 females (6,877, in total) 12 lead 
records lasting from 6 seconds to 60 seconds; each 
recording was sampled at 500 Hz. The database con-
tains 918 ECGs marked as normal and 5959 ones 
labeled as abnormal; neither the location of abnormal 
beats in the ECG nor their number is indicated. The 
public dataset from the MIT-BIH Arrhythmia Database 
contains 48 half-hour excerpts of two-channel ambu-
latory ECG recordings obtained from 47 subjects stud-
ied by the BIH Arrhythmia Laboratory between 1975 
and 1979. Those are sampled at the rate of 360 Hz. The 
MIT-BIH database has announced the number of 
abnormal beats for each ECG both for the five first 
minutes and the rest of the ECG record. From the 
description of the database, it is not clear if the num-
ber of abnormal beats is attributed to the two leads of 
the record or one of the two leads; in the last case, the 
user does not know to which of the two leads the num-
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ber of abnormal beats is attributed. Note that the num-
bers of abnormal heartbeats of different leads should 
not be equal.

Every ECG of those databases was processed by the 
expert system to see first its ability for the compact 
stacked heartbeats representation of ECG. Then the 
detection of atypical beats was implemented and ana-
lyzed. All ECGs went through the same processing: 
ECG segmentation in heartbeats, isoelectric and base-
line correction, and stacking of the heartbeats with 
matching on R peaks. 

The processing was used for feature extraction such 
as: 1. HR and its standard deviation; 2. reference heart-
beat calculation of each ECG lead; 3. Calculation of 
Hamming distances and their distribution; and finally, 
4. Detection and displaying of atypical heartbeats. The 
results of each stage of ECG processing and analysis 
can be displayed on the computer screen if necessary 
for visual revision and validation. The flow chart in 
Figure 7 resumes the overall execution of the expert 
system. 

FIGURE 8. The stacked beats representation of 12-Lead ECG signals registered in CPSC2018 as A0030 normal signal. The black 
line represents the average of the beats of each derivative, the vertical red line shows the point of the R peaks matching.
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RESULTS AND DISCUSSION

Result of computer simulation

China Physiological Signal Challenge 2018 
database

The expert system was evaluated on the CPSC2018 
database to be sure it can process 12-lead ECG records 
and detect atypical heartbeats. As a drawback, the 
database has relatively short records of the heart’s 
electrical activity, 6 to 60 seconds. To show that the 
proposed stacked beats representation works for both 

normal and abnormal ECGs, in the following graphs 
we give examples of its application. Figure 8 shows a 
typical stacked heartbeats representation of 12 lead 
normal ECG signals. In this representation it is easy to 
see that the morphological dispersion of the beats in 
each derivative is minimal, which confirms the classi-
fication of ECG normality in CPSC2018. Compared to 
the normal ECGs Figure 9 shows a larger scatter in the 
form of heartbeats, which is consistent with the ECG 
labeling as abnormal in the Chinese CPSC2018 data-
base. Therefore, this representation allows a cardiolo-
gist to execute a visual diagnosis quickly and effi-
ciently.

FIGURE 9. The stacked beats representation of 12-Lead ECG signals registered in CPSC2018 as A0013 abnormal signal. The 
black line represents the average of the beats of each derivative, the vertical red line shows the point of the R peaks 

matching.
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Our system processed 6,837 of the 6,877 ECG records, 
running all processes. Of the 40 ECG records with the 
interrupted process, 37 correspond to abnormal ECGs, 
and 3 (A0945, A1035, A1 582) to the normal ECGs. 
Figure 10 shows electrocardiograms with the inter-
rupted process labeled in the database as normal ECG. 
The process was interrupted because a) the signal has 
peaks much larger than the rest of the R peaks; this 
irregularity of signal is present in Figure 10a; b) the 
voltage alteration at the beginning of the signal is 
extremely large, see Figure 10b; c) irregular R wave 
peaks, less or equal in size to T wave peaks. So, the ECG 
leads with interrupted preprocessing have parts of the 
signal so much distorted that cannot be considered 
normal and have to be analyzed by a specialist to verify 
if they were misclassified or badly registered. As for the 
37 abnormal leads with the interrupted process, they 
all have strongly distorted beat morphology. So, the 
interruption of the ECG preprocessing serves as the 
coarse filter for the abnormalities in heartbeats.

FIGURE 10. Three ECG signals of the DI lead labeled as normal 
in the CPSC2018 database that failed to be segmented in 

heartbeats.

One of the main goals of our computer algorithms is 
the early detection of CVD, in other words, the detec-
tion of relatively small morphological changes in ECG 
beats. For that reason, the expert system has to be eval-
uated first on a confident set of normal ECGs. The pub-
lic CPSC2018 database contains 918 ECGs of 12 lead 
signals that are labeled as normal. Before the system-
atic testing of the expert system, we processed and 
analyzed a number of them in detail. To our surprise 
we found that a noticeable number of ECG leads con-
tain beats that are suspicious or cannot be considered 

normal; this finding forced us to change the traditional 
way of classifier validation. To evaluate the functional-
ity of the expert system and to find the atypical beats 
in the ECG leads labeled as normal in the CPSC2018 
database, a variety of computer experiments were 
implemented.

The measure of morphological variability of heart-
beats in a lead is the standard deviation σd of heart-
beats’ distances, eq. (10). So, first we have analyzed the 
changes of σd in the group of leads of the same type of 
different ECG and each set of 12 leads of a group of 
ECGs. Fifty DI leads, chosen at random from the set of 
915 ECGs labeled as normal, were processed. The stan-
dard deviation σd of Hamming distances di were calcu-
lated for each DI lead; we found that the dispersion σd is 
varied in the wide range from 0.0011 up to 0.0129. 
Then, the four 12 lead ECGs (A0166, A4790, A5094, 
A4512), were processed also. We found that the stan-
dard deviation σd varies significantly from one lead to 
another. For example, the first six leads of A0166 get 
σ_d in the range from 0.0025 to 0.0044, while σd for the 
rest of the leads is significantly higher and ranges from 
0.0136 to 0.2243, the latter for the DV6 of A0166. This 
result accords with the cardiologists’ experience that 
different combinations of leads have to be analyzed for 
the assertive CVD diagnosis.     

Our expert system is aimed to assist a cardiologist in 
the analysis and diagnosis of mid-long time ECG sig-
nals, at the requirement that the system has to be inter-
active. To simulate and evaluate the functioning of the 
system, two sets of twenty 12 lead ECGs labeled as 
normal were randomly drawn from the CPSC2018 data-
base (480 leads in total). Set #1 consists of registers 
A0166, A0173, A0177, A0221, A0365, A1971, A2014, 
A2473, A2507, A2591, A2773, A3975, A4286, A4512, 
A4550, A4790, A5094, A5940, A6306 and A6832. 
Registers A0141, A0281, A0588, A0690, A0774, A0985, 
A1208, A1437, A1463, A1534, A2043, A2484, A2770, 
A3424, A3751, A4036, A4366, A4867, A5004 and A6560 
constitute the set #2. Each of the 480 leads was pro-



cessed to obtain the stacked beats representation. 
Then, the reference heartbeat was calculated for each 
lead and the distribution of Hamming distances of 
beats from the reference one. The M=3 most distant 
beats of each lead were detected using criterion (11) 
and algorithm of Mode 1; the vicinities of the detected 
beats were depicted on a screen and visually corrobo-
rated as being normal or atypical ones. The first set of 
twenty 12 lead ECG signals labeled as normal has 
shown that 87 leads of the 240 ones are normal, while 
in the rest of the 240 leads were detected 77 alert and 
76 abnormal heartbeats. The second set of twenty 12 
lead ECG signals labeled as normal has shown that 133 
leads of the 240 ones are normal, while in the rest of 
the 240 leads were detected 68 alert and 39 abnormal 
heartbeats. 

The detector of atypical beats at the adjusting param-
eter A=3  was applied in Mode #2 to a wider set of ECGs 
labeled as normal in the CPSC2018 database, showing 
several irregularities in heartbeat morphology. As an 
example, we present in Figure 8 the result of the pro-
cessing of DI and DII leads in the A1437 register. Panels 
a) and b) give the general view of the ECG leads, which 
can be seen also by sections for more details. Panel c) 
represents the HRV and its distribution in time. Panels 
d) and e) show the stacked beats representation of the 
leads with the reference (mean) heartbeat that helps to 
see the defects of atypical beats.

The reference heartbeat in panel d) shows the flection 
of R-wave emerged from the double peaks seen in the 
spanning of individual R-waves. The deflection in the 
R-wave is also observed in the reference beat of DII. 
Panel f) shows the morphological closeness of beats or 
their difference from the reference beat in the charac-
teristic space with the Hamming distance metric for 
the DI lead. In the case of A1437, panel f) is followed by 
panels g), h), and i) for DI, and j), k), and l) for DII, which 
show sections of the ECG leads with notably deformed 
heartbeats. The analysis of ECG leads from the 
CPSC2018 database has shown the efficiency of the 

proposed detector (classifier) of atypical heartbeats, 
even when the waveform distortions are minors and 
not visible easily; that is important for the detection of 
precursors of a CVD at an early stage.

An ECG with elevated T-waves presents a challenge 
for the segmentation in heartbeats because T- and 
R-wave picks can be confused by the algorithms. We 
develop an efficient algorithm to overcome this diffi-
culty. As an example of its application, we present the 
DI lead of the A0281 ECG register in Figure 11; the ECG 
was labeled as abnormal and diagnosed as an elevated 
ST segment. Having the mean beat of the stacked rep-
resentation as the reference, one easily observes the 
noise and distortion in the T wave of beats in panel c) 
of Figure 11.

FIGURE 11. DI lead of A0281 ECG register with the elevated 
ST-segment: a) R-wave peaks detection, b) HRV, and c) 

stacked beat representation with the reference heartbeat 
(black).

When ECG is examined by the classifier at a desired 
value of adjusting parameter A (we suggest A=3), the 
atypical beats (di≥d+Aσd) are detected and displayed for 
the posterior detailed analysis by a cardiologist, to 
decide if there are abnormal ones. Finally, our detector 
has identified the abnormal beats in all processed 
ECGs, marked as abnormal in the CPSC2018 database. 
These trials show that the developed algorithms are 
versatile tools for the ECG analysis and detection of 
atypical and abnormal beats.

MIT-BIH arrhythmia database

The database has different pairs of leads and each 
beat of a lead is labeled as Normal (N), Left bundle 
branch block (L), Right bundle branch block (R), Atrial 
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premature (A), Aberrated atrial premature (a), Nodal 
(junctional) premature(J), Supraventricular premature 
(S), Premature ventricular contraction (V), Fusion of 
ventricular and normal (F), and so on [31]. Since the 
ECGs of the database were pre-classified as abnormal, 
the database is suitable for testing our algorithms as 

the detector of atypical heartbeats. For that purpose, 
we chose three half-hour excerpts of two-channel ECG 
recordings of the MIT-BIH database, # 100, # 106, # 112, 
and set the adjusting parameter at the value A=3.5 (see 
Equation 11). The six leads were processed following 
the Mode #2 algorithm. 

FIGURE 12. Processing of ECGs # 100 from MIT-BIH dataset: The micro-panels of the last two lines are examples of excerpts of 
abnormal heartbeats.



In register # 100, for the DII lead were detected 41 
atypical beats and 46 atypical beats for the V5 lead (34 
reported in the MIT-BIH database). In register # 106 
were detected 54 atypical beats for the DII lead and 50 
atypical beats for the V1 lead (520 reported in MIT-BIH 
database). In register # 112, 81 atypical beats were 
detected for the DII lead and 106 atypical beats for the 
V1 lead, in contrast to the 2 reported in the MIT-BIH 
database. We found that the number of atypical beats 
of one lead differs from that for the other of the same 
ECG. Also, the number of abnormal beats reported in 
the MIT-BIH database does not coincide with that 
detected by our classifier. It should be noted that the 
number of abnormal beats reported in the MIT-BIH 
database does not indicate to what of the leads this 
number is attributed. In addition, our detector identi-
fies atypical beats, a number of them can be abnormal 
and the rest can be artifact errors.  Figure 12 shows the 
processing of the first five minutes register # 100: the 
original ECG leads (slides a) and b)), their stacked beats 
representation matching peaks of R waves (slides d) 
and e)), the HR distribution (slide c)), the distribution of 
Hamming distance of beats from the reference one 
(slide f)), followed by the three exampled vicinities of 
detected atypical beats for the ML II and V5 lead. For 
the first five minutes in the ML II lead of register # 100 
were detected 7 atypical beats and 5 atypical beats for 
the V5 lead (4 reported in MIT-BIH database). Figure 12 
is similar to Figure 6, but it depicts the capability of 
expert system to process the long-term ECG. 

The ECGs resemble chaotic signals, the register # 106 
especially. The stacked beats representation of register 
# 106 looks confusing, but the morphology of the refer-
ence (mean) beat is seen clearly. That is due to the pres-
ence of double (multiple) beat partitions because of the 
abrupt HR changes and significant or critical morpho-
logical distortions of heartbeats’ waveform. In case of 
long-time ECG registers with abrupt HR changes and 
significant morphological distortions of heartbeats we 
suggest processing ECG leads in required time inter-
vals to see more details. Typical beats of an ECG lead in 

the stacked beat representation are accommodated 
(lodged, setting) in a compact group around the refer-
ence (mean) beat, so that the atypical (abnormal) beats 
are noticeable on that background. Figure 13 shows the 
first five minutes of register # 106, for the DII lead were 
detected 22 atypical beats and 13 atypical beats for the 
V5 lead (60 reported in MIT-BIH database).

CONCLUSIONS 
The proposed algorithms of ECG analysis are in 

between human analysis and highly computerized 
completely autonomous expert systems. The reason 
and vantage of the approach are that cardiologists, 
being quite a conservative group in their methods of 
diagnosis due to the great responsibility for public 
health and the principles of education, are not willing 
to accept the technological novelties easily if those are 
not comprehensible or controlled directly by them. It is 
a kind of psychological resistance to using an expert 
system of completely automatized and computerized 
diagnosis which is a black box for them. Nevertheless, 
this kind of expert system is necessary for public 
health monitoring

To overcome the indicated contradiction, we pro-
posed an intermediate state computer-assisted expert 
system for the processing and analysis of middle and 
longtime ECG and identification of atypical beats for 
early detection of heart diseases; the system permits a 
cardiologist to intervene, observe, and control to some 
extent the process of ECG analysis and take a final 
decision. Based on the stacked beats representation of 
ECG, were proposed a characteristic space and the 
detector of atypical beats for the posterior analysis by a 
cardiologist. 

This is an interactive expert system for its use as an 
assistant of a cardiologist, with the potential of the 
next extension to the unsupervised classifier of heart-
beats and CVD detection. Currently, the expert system 
is used for the detection of atypical heartbeats at an 
early stage of CVD. The classifier does not need an 
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external training dataset; it is trained on the heartbeats 
of ECG under the analysis. This feature of the system is 
a noticeable advantage compared to those requiring 
training because the training usually needs an exten-
sive database with the well previously classified 
entries. In addition, constructing a database one is 
subjected to be wrong unwillingly. The set of computer 
algorithms was developed in MatLabTM language and is 
accompanied by the interface.

The expert system was simulated and evaluated on a 
set of ECGs labeled as normal in the CPSC2018 data-
base and demonstrated its capability to detect up to 
minor morphological heartbeat distortions, precursors 
of CVD. Our expert system has detected a noticeable 
number of leads, labeled as normal in the CPSC2018 
database, but contaminated by atypical and abnormal 
heartbeats; from 480 analyzed leads only 220 leads are 
considered free of atypical or abnormal heartbeats, 
artifacts being included in atypical beats.

FIGURE 13. Processing of ECGs # 106 from MIT-BIH dataset: The micro-panels of the last two lines are examples of excerpts of 
abnormal heartbeats.



This inconsistency can be caused by two reasons: 1.- 
some of the contaminated ECGs are a result of artifacts 
produced by external or internal interference, or patient 
motion; 2.- In general, people go to the hospital to 
check their cardiovascular health status when they 
have some symptoms; so it is very likely that their ECG 
will present atypical or abnormal heartbeats. In addi-
tion, the system was evaluated on ECGs of the MIT-BIH 
database with clearly expressed abnormalities. In this 
case, the stacked beats representation often shows the 
cuts of double or even more beats, mainly because of 
strong morphological deformations in beats due to the 
artifacts and proper arrhythmias; for example, see reg-
ister (record) # 112. Due to that, our system detects 
more atypical heartbeats than those abnormal reported 
in the database. Along with the stacked beats represen-
tation, all intervals, segments, and complexes are cal-
culated and displayed on the screen for revision by a 
cardiologist.  

For future work, we consider the improvement of the 
algorithm for the R-wave peaks detection in case of 
strong isoelectric and baseline wander. More clinical 
trials are certainly needed to introduce our system in 
practice.  

Based on the results of the evaluation, the proposed 
expert system can be used in a real-time monitoring 
system and/or as a complementary system in hospitals 
to help physicians and cardiologists with ECG analysis 
at higher speed and accuracy to detect persons with 
ECD. The expert system can be potentially used in the 
following specific areas:

1. Support tool for an expert cardiologist in visualiza-
tion of long ECGs, for precision calculation of inter-
vals, segments, QRS complex and waves, visualiza-
tion and exploration of details of atypical beats.

2. General practitioner with the possibility of obtain-
ing a kind of electrocardiogram can use the expert 
system for prior diagnosis and redirect to a cardiol-
ogist if necessary.

3. Use in public health campaigns to monitor cardiac 
health in the population.

4. Incorporate the expert system into a personal car-
diovascular health monitoring bracelet.
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ABSTRACT
The extraction of time series features is essential across various fields, yet it remains a challenging endeavor. Therefore, 
it's crucial to identify appropriate methods capable of extracting pertinent information that can significantly enhance 
classification performance. Among these methods are those that translate time series into different domains. This 
study investigates three distinct time series transformation approaches for addressing time series classification 
challenges within biomedical data. The first method involves a response vector transformation, while the other two 
employ image transformation techniques: RandOm Convolutional KErnel Transform (ROCKET), Gramian Angular 
Fields, and Markov Transition Fields. These transformation methods were applied to five biomedical datasets, 
exploring various format configurations to ascertain the optimal representation technique and configuration for 
input, which in turn improves classification performance. Evaluations were conducted on the effectiveness of these 
methods in conjunction with two classification algorithms. The outcomes underscore the significance of these 
time series transformation techniques as facilitators for enhanced classification algorithms documented in current 
literature.
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RESUMEN
La extracción de características de series temporales es esencial en diversos campos, pero sigue siendo un desafío. 
Por lo tanto, es crucial identificar métodos apropiados capaces de extraer información pertinente que pueda mejorar 
significativamente el rendimiento de clasificación. Entre estos métodos se encuentran aquellos que traducen las 
series temporales a diferentes dominios. Este estudio investiga tres enfoques distintos de transformación de series 
temporales para abordar los desafíos de clasificación de series temporales en datos biomédicos. El primer método 
implica una transformación de vector de respuesta, mientras que los otros dos emplean técnicas de transformación 
de imagen: RandOm Convolutional KErnel Transform (ROCKET), Gramian Angular Fields y Markov Transition 
Fields. Estos métodos de transformación se aplicaron a cinco conjuntos de datos biomédicos, explorando diversas 
configuraciones de formato para determinar la técnica y configuración de representación óptima para la entrada, lo 
que a su vez mejora el rendimiento de clasificación. Se realizaron evaluaciones sobre la efectividad de estos métodos 
en conjunción con dos algoritmos de clasificación. Los resultados subrayan la importancia de estas técnicas de 
transformación de series temporales como facilitadoras para mejorar los algoritmos de clasificación documentados 
en la literatura actual.

PALABRAS CLAVE: clasificación, datos biomédicos, redes neuronales convolucionales, series temporales, 
transformaciones
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INTRODUCTION
The study of time series classification has gained a 

great deal of interest due to the large amounts of infor-
mation generated from the study of various phenom-
ena that evolve in time. This dynamic behavior is 
observed in the biomedical areas such as disease stud-
ies, drug efficacy assessments, treatment analyses, 
signal processing, and image analysis, etc. where the 
importance of finding patterns that can help us to seg-
ment behaviors arises. 

The complexity in time series classification stems 
from the inadequacy of traditional similarity metrics, 
which fail to account for the temporal aspect inherent 
in such data. These datasets frequently exhibit tempo-
ral relationships, shifts over time, and variations in 
magnitude, posing challenges for classification meth-
ods reliant on linear comparisons. Certain conven-
tional approaches opt for an initial feature extraction 
phase to derive pertinent information from the data. 
However, given these limitations, there's a pressing 
need to explore alternative representations that remain 
invariant to shifts, preserve magnitudes, and retain 
temporal dependencies.

In [1], various techniques for time series classification 
across different domain representations are explored. 
These include methods based on dictionary represen-
tation, which involves counting the frequency of spe-
cific patterns within the data. Another approach 
involves extracting distinctive shapes, termed as 
shapelets, present within each class, enabling effective 
differentiation between groups. Additionally, one anal-
ysis strategy involves converting signals into images, 
leveraging our current computational capabilities to 
develop more sophisticated models, often relying on 
neural networks [2][3][4][5][6][7].

This article's contribution lies in its exploration of 
three distinct methods for representing time series 
data, specifically applied to biomedical signals. These 
methods unveil various temporal relationships within 

the information, potentially enhancing classification 
performance. The study also delves into analyzing 
which representation proves most effective for each 
dataset and classifier, thereby shedding light on the 
optimal approach for different data contexts and clas-
sification algorithms.

In this paper, we aim to review three cutting-edge 
time series transformation methods, each tested with 
diverse hyperparameter configurations. These meth-
ods will be applied across five distinct biomedical data-
sets, each possessing unique properties. The objective 
is to thoroughly evaluate their efficacy in handling 
classification tasks within these varied biomedical 
contexts.

MATERIALS AND METHODS

Datasets

The article focuses on five datasets obtained from the 
UCR Time Series Classification Archive [8], which are 
widely acknowledged and frequently employed in 
state-of-the-art methodologies:

A. 'SemgHandGenderCh2' (SHGC2): Captures surface 
electromyography signal power spectrum data depict-
ing muscle electric activity during six hand grasp 
movements by five healthy subjects. These movements 
are categorized into two classes: Class 1 representing 
Female and Class 2 representing Male.

B. 'PhalangesOutlinesCorrect' (POC): Centers on hand 
and bone outline detection, categorizing the output 
label as either a correct or incorrect image outline.

C. 'CinCECGTorso' (CCECGT): Features data derived 
from ECG chlorine concentration readings across mul-
tiple torso-surface sites from four distinct individuals, 
each individual representing a single class.

D. 'ECG5000': Revolves around ECG heartbeat record-
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ings from a patient with severe congestive heart fail-
ure, with class values determined via automated anno-
tation.

E. 'UWaveGestureLibraryAll' (UWGLA): Comprises a 
collection of eight simple gestures generated from 
accelerometers.

Further details and characteristics of these datasets 
are available in Table 1. Notably, these datasets share 
the common characteristic of being univariate time 
series data, characterized by ndim = 1.

 
Datasets 

Type Name Size Class Length 
HAR SemgHandGenderCh2 900 2 1500 
Image PhalangesOutlinesCorrect 2658 2 80 
ECG CinCECGTorso 1420 4 1639 
ECG ECG5000 5000 5 140 
HAR UWaveGestureLibraryAll 9236 8 945 

 

TABLE 1. UCR Datasets [8].

It's interesting to note that these datasets encompass 
three distinct types of data sources:

Human Activity Recognition (HAR): This category 
involves datasets like 'SemgHandGenderCh2' (SHGC2) 
and 'UWaveGestureLibraryAll' (UWGLA), which cap-
ture human movements and gestures, often derived 
from sensors or accelerometers.

Image Contours (Image): 'PhalangesOutlinesCorrect' 
(POC) falls under this category, focusing on the detec-
tion and assessment of image outlines, specifically 
related to hand and bone outlines.

Electrocardiogram Signals (ECG): Datasets such as 
'CinCECGTorso' (CCECGT) and 'ECG5000' involve elec-
trocardiogram data, primarily concerning the record-
ing and analysis of heart-related signals, including 
chlorine concentration readings and heartbeat pat-
terns.

Transformation methods

RandOm Convolutional KErnel Transform 
(ROCKET)

Convolutional kernels can be thought of as a matrix of 
values used to modify the input data by a dot product. 
These kernels contain certain basic parameters such as 
length, weights, bias, dilation, and padding. The ker-
nels have the same 1-dimensional vector structure as 
the input data but are smaller in size. In the case of 
time series, the kernels are weighted vectors with a 
bias added to the result of the convolution between the 
input data and the kernel weights.

These kernels operate as filters, enabling the extraction 
of diverse shapes and patterns embedded within time 
series data. Through kernel dilation, these filters can 
extract patterns across various scales, reflecting differ-
ent frequency characteristics. By leveraging a combi-
nation of multiple kernels, the system can extract 
complex patterns. While the weights of convolutional 
neural network kernels are typically learned, random 
convolutional kernels have demonstrated striking 
effectiveness.

ROCKET capitalizes on the concept of employing ran-
dom convolutional kernels as a feature transformation 
for input in other classifiers. This transformation 
method offers a low computational cost owing to the 
random initialization of kernels instead of learned 
weights. As it involves a single layer, numerous kernels 
can be generated without significantly escalating the 
computational demand.

ROCKET employs a mechanism akin to max pooling 
by extracting maximum values from each feature map. 
However, it introduces a novel feature: the proportion 
of positive values. This addition enables ROCKET to 
discern the prevalence of a distinct pattern within the 
time series [9]. The process of this method is visually 
illustrated in Figure 1. 
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FIGURE 1. Random convolutional kernel transforms flow 
diagram.

Gramian Angular Field

The Gramian Angular Field (GAF) is based on the dot 
product operation between two vectors, which shows 
the similarity that exists between them. If we have two 
vectors u and v with a norm of 1, we get Equation 1.

⟨𝑢𝑢, 𝑣𝑣⟩ = '|𝑢𝑢|' ⋅ '|𝑣𝑣|' ⋅ 𝑐𝑐𝑐𝑐𝑐𝑐(θ) (1)

When working with unit vectors, the dot product is 
characterized only by the angle θ between u and v, 
since the magnitude of a unit vector is 1, which is why 
the result falls in the range [-1,1]. 

G = #

⟨v!, v!⟩ ⟨v!, v"⟩ ⋯ ⟨v!, v#⟩
⟨v", v!⟩ ⟨v", v"⟩ ⋯ ⟨v", v#⟩

⋮ ⋮ ⋱ ⋮
⟨v#, v!⟩ ⟨v#, v"⟩ ⋯ ⟨v#, v#⟩

+     (2) 

 

Considering the data as unit vectors, the Gramian 
matrix depicted in Equation 2 is formulated to capture 
linear dependencies within a vector set. This matrix 
serves to retain temporal dependencies, embedding 
the temporal dimension within the geometry of the 
matrix [10]. 

Given a time series X=x1 , x2 , … ,xn of n real observa-
tions, X is rescaled so that all values remain in the 
interval [-1,1] to preserve the unit vector property.

Once the information is scaled, the polar transforma-
tion is obtained. In this case, two values are consid-
ered:

1. The actual value of the time series (observations).

2. Their respective time labels.

From these values, the angle will be obtained, and 
this operation is described in Equation 3.

!
θ! = arccos(𝑥𝑥!)
𝑟𝑟! =

!
"

    (3) 

 

𝑥𝑥 ⊕ 𝑦𝑦 = cos(θ! + θ")    (4) 

 

G = #

cos(θ! + θ!) cos(θ! + θ") ⋯ cos(θ! + θ#)
cos(θ" + θ!) cos(θ" + θ") ⋯ cos(θ" + θ#)

⋮ ⋮ ⋱ ⋮
cos(θ# + θ!) cos(θ# + θ") ⋯ cos(θ# + θ#)

.    (5) 

 

(2)

(3)

(4)

(5)

Some advantages of this coding are that it is a compo-
sition of bijective functions and that the temporal 
dependence is preserved based on the variable r_i. 
With these new angles, the dot product operation is 
adapted using Equation 4 so that it can be treated as a 
Gram matrix.

By implementing Equation 4 in G,  the following 
Gramian matrix is obtained.
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where cos(θ1+θ2) is given by Equation 6 in cartesian 
system.

cos(θ! + θ") = 𝑥𝑥 ⋅ 𝑦𝑦 − -1 − 𝑥𝑥" ⋅ -1 − 𝑦𝑦" (6)

This transformation generates a density map, portray-
ing values through a color spectrum with intensities 
spanning from -1 to 1. Figure 2 illustrates a visual 
depiction of the encoded magnitudes.

Figure 3 showcases the distinct stages of this method, 
delineating the process involved in achieving the 
intended image representation.

FIGURE 2. Grammian angular field encoding sizes. a) 16X16 
image. b) 24X24 image. c) 32X32 image. d) 48X48 image. 

e) 64x64 image.

FIGURE 3. Gramian angular field flow diagram.

Markov transition fields

Markov Transition Fields (MTF) offer an alternative 
method of transforming a time series into an image, 
employing a probabilistic framework rooted in Markov 
chains. This approach provides a distinctive perspec-
tive on representing time series data as visual ele-
ments.

Given a time series X=x1,x2,…,xn, its Q quantile bins are 
determined and each value x_i is assigned to its corre-
sponding bin qj ( j∈[1,Q]). From these bins, a weighted 
adjacency matrix W of size Q × Q  is constructed, 
counting the transitions between bins in the form of a 
Markov chain along the time axis [10].

𝑀𝑀 =

⎝

⎛

𝑤𝑤!"|𝑥𝑥# ∈ 𝑞𝑞! , 𝑥𝑥# ∈ 𝑞𝑞" ⋯ 𝑤𝑤!"|𝑥𝑥# ∈ 𝑞𝑞! , 𝑥𝑥$ ∈ 𝑞𝑞"
𝑤𝑤!"|𝑥𝑥% ∈ 𝑞𝑞! , 𝑥𝑥# ∈ 𝑞𝑞" ⋯ 𝑤𝑤!"|𝑥𝑥% ∈ 𝑞𝑞! , 𝑥𝑥$ ∈ 𝑞𝑞"

⋮ ⋱ ⋮
𝑤𝑤!"|𝑥𝑥$ ∈ 𝑞𝑞! , 𝑥𝑥# ∈ 𝑞𝑞" ⋯ 𝑤𝑤!"|𝑥𝑥$ ∈ 𝑞𝑞! , 𝑥𝑥$ ∈ 𝑞𝑞"⎠

⎞ (7)

The calculation of wij  is based on the frequency of 
occurrence where a point in quantile qj is succeeded 
by a point in quantile qi. After deriving this transition 
matrix, it undergoes normalization process to yield 
the matrix M. In this transition matrix, Mij represents 
the probability of transitioning from qi to qj. Leveraging 
these probabilities, we encode the time series into an 
N × N matrix, where N corresponds to the length of the 
original signal.

The color representation of the original signal is 
depicted through intensities ranging from [0, 1], delin-
eated by the probability distribution. This image illus-
trates the likelihood of a point transitioning to other 
points (states) within the time series. Figure 4 show-
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cases the visual encoding derived from this probabil-
ity distribution.

For a comprehensive view of the method's process, 
please refer to Figure 5, which details the sequential 
steps involved in this encoding procedure.

FIGURE 4. Markov transition fields resolutions. a) 8 bins. b) 
16 bins. c) 32 bins. d) 64 bins.

FIGURE 6. Transformation methods in time series. a) Original 
time series. b) ROCKET response vector. c) Gramian angular 

field transformation (GAF). d) Markov transition field 
transformation (MTF).

FIGURE 5. Markov transition field flow diagram. 

All three of these transform representations are 
shown in Figure 6 for the same set of time series.

System and software specifications

This methodology was performed in a 11th Gen Intel® 
Core ™ i7-11800H processor with a NVidia GeForce 
RTX 3060 mobile GPU and 16 gb of DDR4 Sodimm.

The transformation methods were implemented 
using Pyts [11], and the classifiers were selected using 
the Scikit learn and tensorflow-keras packages [12][13].

Pre-processing

Given the common occurrence of artifacts like noise 
and baseline offsets in biomedical signal data, a pre-
liminary filtering stage was applied to enhance signal 
quality. To achieve this, a Savitzky–Golay filter was 
employed across all five datasets. This filter, widely 
used in biomedical signal processing [14], utilized a 
window size equivalent to 10 % of the signal length 
with a polyorder of 2. Notably, this filter retains essen-
tial characteristics of the initial distribution, including 
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relative maximums, minimums, and peak widths, 
resulting in smoother signal behavior.

Additionally, Z normalization was performed to rec-
tify baseline offsets, ensuring a consistent reference 
across all signal sets. This standardization establishes 
a zero mean and unit variance across the dataset, a 
technique known to often enhance model perfor-
mance.

Once the whole dataset was ready, the training and 
testing subsets were created. The training set was 
defined as 70 % of the dataset size, the remaining 30 % 
was used for testing the classification models. 20 % of 
the training set was used as validation.

For comparison purpose, all three methods allow to 
define the output dimensions. On the image-based 
transformations it is defined by an N × N image where 
N ∈ {16,24,32,40,48\}. In ROCKET the response vector 
obtained is given by the number of kernels M gener-
ated times 2, the number of features extracted in every 
kernel, this equals to a 2M vector where M ∈ 
{625,1250,2500,5000,10000}.

Rocket
Other set of parameters that were random selected 

along all the kernels were, weights, bias, dilation, pad-
ding, the implementation can be seen in [9].

Gramian Angular Fields (GAF) 
In GAF other variation parameters is the mode, in 

this case we have summation and difference mode.

Markov Transition fields (MTF)
For MTF the remaining variable parameter was the 

number of bins, this number gives us the number of 
states or resolution the data values can transition to. 
The number of bins was given by nBins where nBins 
∈{8,16,32,64}.

All three transformations—ROCKET, GAF, and MTF—

were applied across the five datasets, encompassing 
various combinations of parameters. These trans-
formed datasets were utilized as inputs for the subse-
quent classification methods.

Classification methods

The classification stage aimed solely at evaluating 
transformation performance. The five datasets, trans-
formed using distinct configurations, served as inputs 
for fixed classifiers to determine the input format that 
optimizes classification performance. No hyperpa-
rameter tuning was conducted on the neural network 
in this phase.

For the ROCKET-transformed data, a Ridge regressor 
classifier was utilized. This classifier incorporates a 
regularization parameter α within the loss function to 
prevent overfitting. Various values of α, selected from 
α ∈ {0.001, 0.01, 1, 10, 100, 1000}, were tested to iden-
tify the best-fitting parameter that avoids overfitting 
the model. Classifier selection was guided by refer-
ences [9][10].

In the case of image-based transformations, a convo-
lutional neural network (CNN) with fixed parameters 
was employed. Categorical encoding was applied to 
the labels to optimize network functionality. The CNN 
architecture included the following modules:

1. input layer (image size)
2. convolutional layer (6 neurons, 8x8 size kernels)
3. max pool layer (3x3 pool size, padding=same)
4. convolutional layer (6 neurons, 3x3 size kernels)
5. max pool layer (3x3 pool size, padding=same)
6. flattening layer
7. dropout(0.5)
8. dense layer (categorical enconding = # labels, soft-

max)

The CNN utilized mean square error as the loss func-
tion, employed the adam optimizer, updated batch 
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size weights of 50, and ran for 25 epochs. Figure 7 
illustrates the various stages involved in evaluating 
the enhancement of time series transformations for 
classification.

FIGURE 7. Flow diagram of methodology.

FIGURE 8. ROCKET transformation performance on the five 
datasets, number below each dataset correspond to 

(#kernels, α).

Evaluation metrics

In the evaluation process, both mean square error 
(MSE) and accuracy were utilized to assess the perfor-
mance of various input configurations and different 
parameter settings within the classifier. These metrics 
were computed on both the training and validation 
sets. To identify the most effective input configura-
tion, the validation set's lowest MSE was considered.

For assessing test performance, metrics including 
accuracy, precision, recall, and f1-score were obtained. 
These measurements offer a comprehensive under-
standing of the model's predictive capabilities and 
effectiveness in correctly classifying instances.

RESULTS AND DISCUSSION
The preprocessing stage involved a stratification split 

to ensure an equal representation of class examples 

within the training and test sets. However, only the 
CinCECGTorso and UWaveGestureLibraryAll datasets 
exhibited an equal number of examples in each class.

Figure 8 demonstrates that ROCKET coupled with 
ridge regression exhibited notable performance, par-
ticularly with datasets where all classification test 
accuracies surpassed 0.8. One significant advantage 
observed in employing this method was its low mem-
ory resource consumption, as it did not require batch 
execution. Additionally, it was noted that the regular-
ization parameter tended to perform better when α ≥ 1. 
However, the ECG5000 dataset showed poor precision, 
potentially due to class imbalance issues. It's import-
ant to note that the computing time for this method 
increased with a higher number of kernels, although 
the fitting process to the classifier was relatively swift 
once the data was transformed.

GAF, similar to ROCKET, showed promising perfor-
mance on this type of data. However, certain limita-
tions were observed, particularly with respect to mem-
ory consumption. Unlike ROCKET, the GAF transfor-
mation required batch processing for datasets larger 
than 1000 samples. Despite this limitation, the trans-
formation process itself was rapid, as were the training 
times for the classifier.

Regarding the mode selection in GAF, it was noted 
that the difference mode yielded better results. 
Additionally, the optimal image size seemed to be 48. 
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A detailed overview of performance results can be 
seen in Figure 9.

FIGURE 9. Gramian angular field transformation 
performance on the five datasets, number below each 

dataset correspond to (image size, transformation mode).

FIGURE 11. f-1 score of all 3 transformation methods on the 
five datasets.

Finally, we conducted the MTF classification, yet this 
transformation didn't yield superior results compared 
to the preceding two methods. As illustrated in Figure 
10, specifically in the precision column of ECG5000, 
MTF exhibited heightened sensitivity to quantile 
selection. Signals with low variability necessitated a 
smaller quantile size; larger quantile sizes led to cer-
tain bins containing only a few data points. Similar to 
the former method, MTF also required transformation 
into batches for signals exceeding a length of 1000 
samples.

The optimal outcomes were achieved with an image 
size of 48 and # bins set between 8 to 16.

FIGURE 10. Markov transition field transformation 
performance on the five datasets, number below each 

dataset correspond to (image size, # bins).

TABLE 2. Computation time measurements.

In Figure 11 we summarize the F1 score on all data-
sets given by the optimal parameters for each transfor-
mation methods.

The computation time was systematically measured 
to analyze how signal size and the number of exam-
ples influence the time complexity of these methods. 
Observations revealed that while ROCKET consis-
tently demonstrated better accuracy across all data-
sets, its computation time increased with a higher 
number of filters.

Conversely, GAF and MTF exhibited shorter transfor-
mation times, but they tended to consume more mem-
ory, scaling the information by N^2 where N represents 
the signal size. Additionally, MTF encountered chal-
lenges when discretizing time series with large bins 
and limited variability, preferring a smaller number of 
bins in such cases.

The time metrics were obtained by averaging the 
time taken for each transformation configuration 
across each dataset. These computation times are 
detailed in Table 2.

 
Dataset mean computation time (seconds) 

Name ROCKET GAF MTF 
SemgHandGenderCh2 30.7 1.8 5.7 

PhalangesOutlinesCorrect 5.9 2.3 2.4 
CinCECGTorso 51.8 2.0 9.7 

ECG5000 18.2 2.9 3.4 
UWaveGestureLibraryAll 97.2 3.1 18.7 
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It's evident that these transformation methods serve 
as pivotal preprocessing steps, significantly enhanc-
ing the classification performance of these methods. 
The mean accuracy across all five datasets demon-
strates strong performance: 0.936 for ROCKET, 0.874 
for GAF, and 0.822 for MTF, all showcasing accuracies 
exceeding 0.8. This underscores their effectiveness in 
improving classification outcomes across diverse data-
sets.

For an overview of the key features and comparative 
analysis of each transformation method, please refer 
to Table 3.

TABLE 3. Methods observed characteristics. 
Comparison Table of methods 

ROCKET GAF MTF 
-Presents the 
highest accuracy 
of the three 
representations, 
with f1 scores over 
0.6, even with 
unbalanced 
datasets. 
 
-The computation 
time increases 
linearly with the 
increase of 
number of kernels 
and the time series 
length. 
 
-It’s not image 
based, can be used 
with more 
traditional 
methods. 
 
-Due to the 
random 
initialization of the 
kernels, no 
hyperparameter 
tunning is 
required. 

-Presents the 
lowest 
computation 
time. 
 
-The accuracy 
obtained is lower 
than ROCKET, 
but comparable in 
some datasets. 
 
-Performance 
may increase 
with 
hyperparameter 
tunning on the 
NN or 
implementing 
other 
architectures. 
 
-Involves more 
hyperparameter 
for the 
transformation 
stage. 
 
-Memory 
consuming 
method. 
 
-Piecewise 
aggregate 
approximation is 
needed for high 
length data to 
avoid memory 
overflow. 

-Presents the 
lowest accuracy 
of all three 
methods. 
Struggles with 
unbalanced 
datasets. 
 
-Presents 
stability issues 
with high number 
of bins. 
 
-Has a fast 
computing time 
when 
transformation 
hyperparameters 
are well suited. 
 
- Involves more 
hyperparameter 
for the 
transformation 
stage. 
 
-Memory 
consuming 
method. 
 
-Piecewise 
aggregate 
approximation is 
needed for high 
length data to 
avoid memory 
overflow. 

 
Depending on the specific application and the 

tradeoffs you're willing to consider, you might opt for 
one method over another. Among all three, GAF 

demonstrated the most balanced performance con-
cerning accuracy and utilization of time resources.

Additionally, these scrutinized time series transfor-
mation methods could prove beneficial in various 
machine learning tasks beyond classification, such as 
forecasting [15][16][17][18] or clustering [19]. This can be 
explored in future work.

CONCLUSION
In this study, our primary focus was on transforming 

time series data to enhance classification performance. 
We introduced three distinct methods—Random 
Convolutional Kernel Transform, Gramian Angular 
Fields, and Markov Transition Fields—and rigorously 
tested their efficacy using five diverse biomedical 
datasets. The results illustrate that biomedical signals, 
when treated as time series data, can achieve classifi-
cation performances akin to state-of-the-art method-
ologies [20][21].

While our choice of classifiers was based on existing 
literature, it's crucial to note their adaptability to vari-
ous other classifier types and architectures. For 
instance, in [10], a tiled Convolutional Neural Network 
was employed, with its last layer serving as input for a 
Support Vector Machine classifier. Different neural 
network architectures might yield comparable out-
comes.

Notably, these imaging methods exhibit sensitivity to 
noise and generally perform optimally with signals 
less than 1000 samples in length due to memory con-
straints. However, they enable the extraction of diverse 
features from the data, significantly improving classi-
fication performance for temporal datasets.

For large-scale applications, the integration of deep 
learning computer vision approaches with attention 
mechanisms could leverage these representations, 
potentially offering promising outcomes in big data 
contexts.
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ABSTRACT 
In the post-pandemic era, it is critical to monitor and transmit biomedical signals, specifically ECG. This study aims to 
develop a platform that enables signal acquisition, adaptation, and transmission using different n-QAM modulation 
schemes. The system comprises an acquisition stage implemented in the 2.5 GHz band employing the Olimex 
module and electrodes equipped with an Ag/AgCl type sensor. To effectively manage appropriate bandwidths during 
implementation of the various n-QAM modulation schemes, an adaptive algorithm was developed and applied to 
the system. The power amplifier was operated in the linear region to enhance the crest factor and achieve an ACPR 
close to 30 dBc, demonstrating an appropriate demodulation of the electrocardiogram (ECG) signal, it is feasible to 
shift to modulation schemes above 64-QAM in order to detect high frequencies and perform a subsequent Fourier 
analysis. As a telemedicine proposal, the developed system offers flexibility in signal acquisition, data storage, and 
digitalization, in addition to a multivariable n-QAM scheme; the hardware implementation ensures n-QAM scheme 
compatibility. For the purpose of contributing to telemedicine via RF transmission, the system was executed on an 
AD9361 transceiver, which removes the requirement for a traditional signal vector generator and enables optimal 
control of the tones to be transmitted.

KEYWORDS: ECG, n-QAM, RF, telemedicine, transceiver
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RESUMEN 
El monitoreo y transmisión de señales biomédicas, particularmente ECG, es fundamental en la era pospandemia, este 
trabajo de investigación se centra en el desarrollo de una plataforma para la adquisición, adaptación y transmisión 
de señales bajo diversos esquemas de modulación n-QAM. El sistema incluye una etapa de adquisición mediante 
el módulo Olimex y electrodos con un sensor tipo Ag/AgCl. Se desarrolló un algoritmo adaptativo a los diversos 
esquemas de modulación n-QAM para la gestión de anchos de banda apropiados durante una implementación en la 
banda de 2,5 GHz, al amplificador de potencia se operó en la región lineal para mejorar el factor de cresta y obtener 
un ACPR cercano a 30 dBc, se realizó una demodulación adecuada de la señal ECG y es posible migrar a esquemas de 
modulación superiores a 64-QAM si se requiere detectar altas frecuencias y un posterior análisis de Fourier. El sistema 
desarrollado como propuesta de Telemedicina brinda versatilidad para la adquisición de señales, digitalización, 
almacenamiento de datos y un esquema multivariable n-QAM, la implementación en hardware proporcionó una 
adecuada adaptabilidad para esquemas n-QAM. El sistema se implementó sobre un transceptor AD9361 que elimina 
el tradicional generador vectorial de señal y permite un control óptimo de los tonos a enviar, para aporte en el área de 
Telemedicina a través de transmisión RF.

PALABRAS CLAVE:  ECG, n-QAM, RF, telemedicina, transceptor 
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INTRODUCTION
Cardiovascular disease is a significant contributor to 

mortality on a global scale, it is estimated that a third 
of the causes of death in the world are related to this 
cardiovascular diseases [1]; in addition to the critical 
nature of detecting cardiac abnormalities for preven-
tive treatment, the rapid growth of telemedicine devel-
opment since 2021 as a result of the pandemic further 
emphasizes this fact, despite the fact that the most 
significant contributions to this field are older than ten 
years. Telemedicine faces obstacles, especially in the 
digital field, connectivity systems, and access to 
devices. In addition, the learning curve of the diverse 
range of accessories for sensing and transmission, the 
most crucial challenge is adopting digital technologies, 
especially for specialized systems such as radio fre-
quency (RF), and Internet of things (IoT) as the main 
employed methods in high data rate transmissions [2][3].
The electrocardiogram (ECG) signal analysis is used in 
various study cases, particularly in people who require 
constant monitoring of heart rhythms, postoperative 
monitoring, or high-performance athletes, all of them 
to detect any pathology or measurement in the time 
domain of PQ, QRS or QT intervals [4][5]. A biomedical 
application is devised in [6] that utilizes flexible elec-
trodes to enable field communication that is compati-
ble with digital stages. Previous work has examined 
the feasibility of wirelessly transmitting biomedical 
signals using the long-term evolution (LTE) standard. 
Additionally, for the 3rd Generation Partnership Project 
(3GPP), a proposition was placed forth to reduce latency 
on machine-type communication technology [7]. 
Additionally, detection based on ECG signals is a cur-
rent challenge, especially for the development of clas-
sifiers and detection of cardiac arrhythmia; the process 
of transmitting signals wirelessly and maintaining the 
originality of the acquired signal is crucial in diagnosis 
[8][9]. A fundamental aspect of biomedical applications 
is spectral analysis, which is utilized to identify and 
invade adjacent bands or to implement in free bands 
during radio frequency (RF) transmissions [10]. To 
reduce the  power consumption of synthetic data 

obtained from the PhysionNet database, an embedded 
application and a study based on fast Fourier transform 
(FFT) were created [11].

Digital multiplexes such as orthogonal frequency-di-
vision multiplexing (OFDM) have been adopted as a 
basis in state-of-the-art work in 4G-5G applications. In 
addition to transmission standards such as LTE, the 
benefits of OFDM multiplexes are sub-channeling effi-
ciency for handling multipath fading channels and, 
and consequently efficient per-tone multiple-input 
multiple-output (MIMO) processing support [12].

A reconfigurable system designed to reduce energy 
consumption is presented in [13]. This system finds util-
ity in biomedical contexts, specifically in the transmis-
sion of quadrature amplitude modulation (QAM), fre-
quency shift keying (FSK), and phase shift keying 
(PSK), unfortunately additional biomedical informa-
tion is required to validate the developed system. The 
development of Telemedicine applications in 5th gen-
eration (5G) networks in the post-pandemic era is a key 
factor for advancements in RF performance [14][15]; in [16] 
is presented an ECG monitor scheme with two-stage 
end-to-end improving the power consumption. 
Additionally, the implementation of high-efficiency 
amplifiers for large signals under 64-QAM enables the 
processing of large amounts of data in 5G applications 
[17].

ECG monitoring offers remote control of acquired data 
and provides continuous and remote surveillance of 
patients [18]. This research endeavor provides a proposal 
for hardware implementation and analysis in the fre-
quency domain of ECG signal monitoring employing 
n-QAM schemes in the 2.5 GHz band, In the post-pan-
demic era, examine the spectral purity of an RF trans-
mission for telemedicine applications by evaluating 
figures of merit and ensuring an appropriate adjacent 
channel power ratio (ACPR). 

This work is organized as follows: Section 2 describes 
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the proposed testbed and digitization stage and the 
adaptive algorithm. Section 3 shows the results of the 
hardware implementation in the transceiver. Section 4 
summarizes the conclusions of the paper.

MATERIALS AND METHODS

n-QAM adaptive system
Digital multiplexes such as OFDM have been adopted 

as a basis in state-of-the-art work in 4G-5G applica-
tions. In addition to transmission standards like LTE, 
OFDM multiplexes exhibit inherent benefits that have 
been particularly developed in [12], extend sub-chan-
neling efficiency, a critical characteristic when han-
dling multipath fading channels. OFDM multiplexes 
enable effective support to per-tone MIMO processing 
[12]. With the development of 5G exponentially world-
wide, the need to use high transfer rate schemes and 
multimedia applications, as well as lower resource con-
sumption, the modulation scheme to be used plays a 
crucial role in the management of wide band band-
width and power efficiency [19]. N-QAM schemes are 
used in modern communication standards due to flex-
ibility in bandwidth management and power efficiency 
[20]. QAM is adaptable and versatile enough to be uti-
lized in the sub-channeling and utilization of informa-
tion within multiplexation such as OFDM. In the Figure 
1 is depicted and example of 64-QAM scheme.

nels I and Q, are assumed, whose symbol packaging is 
of the type Equation (1) and Equation (2).

4 Level
Linear 

Attenuator

4 Level
Linear 

Attenuator

0/90o

Phase shift 
stage 

0/180o

RF-In

(1) (10)

(0) (11)
Bit Stream input example

(011)(110)

+

Q-Channel

I-Channel RF-Out
64-QAM

Phase shift 
stage 

0/180o

FIGURE 1. Overview of a typical 64-QAM modulator.

In this context, Eb represents the energy per bit, and 
the per-bit sequence derived from n-QAM is character-
ized by ck, denoted as the sequence, with wk  represent-
ing the pilot sequence. The factor α is intricately linked 
to the power ratio between the proposed pilot sequence 
wk and the power associated with the information 
sequence bk. It is posited that wk  assumes the form of 
a periodic sequence of Ns, where the period Tw is equal 
to Ns Ts. The transmitted n-QAM signal is represented in 
accordance with conventions established by [21][22], 
denoted by Equation (4).

𝑎𝑎𝑘𝑘 = 𝑎𝑎𝑘𝑘𝐼𝐼 + 𝑗𝑗𝑎𝑎𝑘𝑘𝐼𝐼, (1)

𝑏𝑏𝑘𝑘 = 𝑏𝑏𝑘𝑘𝐼𝐼 + 𝑗𝑗𝑏𝑏𝑘𝑘𝐼𝐼. (2)

𝑑𝑑 = √ [3𝑙𝑙𝑙𝑙𝑙𝑙2(𝑀𝑀)𝐸𝐸𝑏𝑏]
2(𝑛𝑛 − 1) . (3)

𝑠𝑠(𝑡𝑡) =∑𝑐𝑐𝑛𝑛𝑝𝑝 (𝑡𝑡 − 𝑛𝑛𝑇𝑇𝑠𝑠), (4)

𝑧𝑧(𝑡𝑡) =∑𝑐𝑐𝑛𝑛𝑞𝑞 (𝑡𝑡 − 𝑛𝑛𝑇𝑇𝑠𝑠) + 𝑢𝑢(𝑡𝑡), (5)

In this research work, an adaptable n-QAM scheme is 
formulated for the purposes of acquiring and prepro-
cessing ECG signals. Within this framework, two chan-

The parameters ak and bk represent the amplitudes 
corresponding to the k - th symbols within the in-phase 
(I) and quadrature (Q) channels, respectively. In the 
context of n-QAM modulation systems, the values of ak 

and  bk are selected from the set {2i - 1 - f √n} where f  
takes on values within the range f = {1…,√n}. Here, f 
serves as a parameter defining the n-QAM constella-
tion, as expressed by Equation (3):

where p(t) is the pulse waveform associated with the 
transmission process and in the presence of multipath 
propagation and noise the signal z(t) depicted by 
Equation (5) is received:
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context of mitigating undesirable effects arising from 
memory and linearity issues inherent in the transmit-
ter stage. This is particularly pertinent to distortions 
induced by the RF-power amplifier. A robust ACPR 
value, approaching or exceeding 30 dBc, ensures that 
unwanted memory and linearity effects of the trans-
mitter stage, particularly those induced by the 
RF-Power amplifier, have been eliminated.

FIGURE 2. Band distribution for ACPR calculation.
(6)𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = −20.75 + 160𝑙𝑙𝑙𝑙𝑙𝑙(

𝐴𝐴𝑟𝑟𝑟𝑟𝑟𝑟
𝐴𝐴𝑎𝑎𝑎𝑎𝑎𝑎

) + 2(𝐴𝐴𝑖𝑖𝑖𝑖 − 𝐼𝐼𝐴𝐴3), 

(7)𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝑑𝑑𝑑𝑑𝑑𝑑) = 10𝑙𝑙𝑙𝑙𝑙𝑙10 (
𝐴𝐴𝑟𝑟𝑟𝑟𝑟𝑟
𝐴𝐴𝑎𝑎𝑎𝑎𝑎𝑎

), 

In this stage q(t) the signal filtering stages are taken into 
account, both the one used in the transmission and 
reception. 

An additional metric of considerable import to assess 
during the implementation phase is the ACPR. It delin-
eates the power ratio within a telecommunications 
system by discerning the power in the adjacent chan-
nels relative to that within the main bandwidth. ACPR 
assumes a pivotal role as a primary analytical metric in 
telecommunications systems, since it evaluates the 
level of interference that the transmission has in its 
main bandwidth concerning other bands. In this con-
text, augmenting the ACPR level is imperative to ensure 
the efficacy of the transmission process. ACPR is repre-
sented mainly by Equation (6) involving the Third 
Order Intercept Point (IP3) and Equation (7) by the 
average power of the main channels against the adja-
cent channels.

where Pref is the average power of the main bandwidth, 
Padj is the average power of the adjacent bands, the crest 
factor (CF) can also be defined as the power ratio 
between Pref and Padj .

Figure 2 delineates the spectral distribution of fre-
quency bands, and the average power of the main 
bandwidth, as well as the adjacent bands. The ACPR 
serves as a crucial merit figure for assessing the poten-
tial for interference with adjacent bands. It is employed 
to ascertain compliance with regulatory standards, 
such as those stipulated by the standard for 
Telecommunications IEEE 802.n [23], to validate that 
the spectral growth is below the limits established by 
the FCC. The ACPR, measured in decibels relative to 
the carrier (dBc), assumes particular significance in the 

ECG acquisition data and RF transmission
The block diagram of the experimental setup is depicted 
in Figure 3, outlines in the beginning the procedure for 
obtaining a precordial signal, establishing an AVR: 
Existence of net potential on the right (aVr), net poten-
tial existing on the left side (aVl). and voltage reference 
(AVF) type lead placement to form the Einthoven trian-
gle for acquiring P, QRS, and T waves [24]. In this case, 
the used electrodes include polyethylene, they are 
biocompatible, coated with acrylic copolymer, with an 
AgCl type sensor; conductive gel was placed on the 
terminal to improve the acquisition of the ECG signal. 
In the acquisition stage, an Olimex module is used cou-
pled to the digital I/O port with the Arduino Uno 
embedded system; the design was built in C++ lan-
guage in a Java environment. The storage between 
boards allows heart peak detection, calculation of sam-
ple based heart rate, and adequate accuracy of the 
extracted biomedical signals.

 Variations in the magnitude of voltage compensation, 
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amplitude variation, and data array length obtained by 
the embedded system ECK/EKG board are accounted 
for in an adaptive stage of Algorithm 1. The algorithm 
commences by establishing a m-ary number associated 
with the defined QAM modulation scheme. It then pro-
ceeds to identify the length of the array and normalizes 
it to a unitary amplitude, which is subsequently pro-
cessed by the AD9361 Toolkit. Furthermore, it sup-
ports an amplitude range of 2 to 12 for one of the 2 × 2 
channels transceivers that incorporate a 12-bit DAC 
and ADC. In the M programming language, the digi-
tized and transmitted signal is stored as an environ-
ment variable. The data to be transmitted and before 
demodulation is packaged in n-QAM order packets. The 
demodulated signal is subsequently encoded as a vari-
able within a Matlab environment. This enables math-
ematical classifiers for biomedical signals and analysis 
in the frequency domain.

As an intermediate stage, the ECG signal segmentation 
process is carried out based on Algorithm 1, and stor-
age of the digitized variables in the processing of the 
data to operate the FMCOMMS3 RF transceiver, a vari-
able n-QAM stage is designed; the characteristics of 
bandwidth (BW), gain mode sampling frequency are 
adjusted in the AD9361 transceiver toolkit, the trans-
mitter stage comprises an n-QAM modulator, coupled 
with a raise cosine filter coupled prior to transmission 
in Matlab environment. 

In this work, an RF power amplifier ZX60-5916MA-S+ 
is used as a device under test (DUT); it is a proper 
device for ultra-wide band applications when is 
required high linearity, including the 2.5 GHz band, it 
improves lower system noise figure performance. The 
transceiver used has a carrier frequency of 2.45 GHz, 
the ARRadio card includes the AD9361 transceiver, the 
modulator system is variable at n-QAM levels. In this 
case, quadrature phase shift keying (QPSK) was used 
as the fundamental modulation into the Cyclone V 
FPGA SoC-Kit development board. The development 
board provides full control of the transmitted tones, 
which replaces the traditional signal vector generator 
(SVG), and the RF transmission is validated in the 
Spectrum Analizer SSA-3032X. The testbed is pro-
tected due to the coupled port attenuation of -20.73 and 
the attenuator BW-S10W5+ of 10 dB. The directional 
coupler as a passive device provides high isolation 
between the medium power levels and the digital 
schemes, improving the reflected signal transmitted 
signal.

Figure 4 delineates the schematic representation of the 
digitization stage, baseband adaptation, and digital 
modulation processes, data preprocessing procedures 
that precede the transmission through the AD9361 
transceiver. Furthermore, the signal is directed to a 
ZFBP-2400-S+ low-pass filter designed for operation 
within the 2.5 GHz band. A directional coupler, specif-
ically the ZHDC-16-63-S+, is employed to mitigate line 

ALGORITHM 1.  ECG signal segmentation and n-QAM digital 
packets.

FIGURE 3. ECG acquisition within an embedded 
multiplatform.

 
Require: n ≥ 1  
Ensure: ECGQAM = ECGstream/n  
     while N= 0 and N ≤length(ECGadq) do  
              if N is integer then  
                 ECGoffset = ECGadq −min(ECGadq)  
                 ECGnorm = ECGoffset/max(ECGadq)  
                 ECGstream = Dec2Bin(ECGnorm)  
     end if  
     StoreDigitalizedSignal ← ECGstream  
end while 
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feedback and suppress spurious noise within the sys-
tem. Notably, the RF power amplifier as a device under 
test is the RF-PA ZX60-5916MA-S+. Concurrently, a 
spectral evaluation of the transmission is carried out 
using the SSA 3032X spectrum analyzer.

Figure 5 depicts the devised test bench designed for 
the comprehensive handling of data storage, prepro-
cessing, and transmission processes, inclusive of the 
AD9361 RF Agile Transceiver + FPGA-SocKit trans-
ceiver. The ARRADIO board, serving as a pivotal com-
ponent, is purposed to furnish a platform for RF full-
tone control. In this specific instantiation, a balun 
operating within the 2.4-2.5 GHz ranges is employed. 
The utilization of advanced transceivers enables pre-
cise tone regulation, obviating the need for expensive 
SVR. Furthermore, this setup facilities the discretiza-
tion, storage, and processing of data.

BBAA

DD

CC

EE
FF

GG

FIGURE 5. Overview of the developed experimental testbed. 
(A-B) AD9361 RF Agile Transceiver + FPGA-SocKit. (C) 

ZFBP-2400-S+ 50Ω Narrow bandpass Filter. (D) ZX60-
5916MA-S+ RF-Power Amplifier. (E) ZHDC-16-63-S+ 
Directional Coupler. (F) Spectrum Analyzer SIGLENT 

SSA3032X.

FIGURE 6. Spectral analysis of the acquired ECG signal 
compared to that amplified by the DUT.

FIGURE 4.  Schematic representation of digitization, 
baseband adaptation and transmission of the AD9361 

transceiver.

 In the hardware transmission stage, a ZFBP-2400-S+ 
50Ω narrow-bandpass filter is integrated, with a pro-
nounced rejection capability of 50 dB, affording protec-
tive measures against undesired transmissions in the 
sidebands. Subsequently, in the intermediate stage, a 
ZHDC-16-63-S+ high directivity directional coupler is 
employed, characterized by superior coupling flatness 
and providing requisite attenuation to mitigate line 
return effects during the transmission process.

RESULTS AND DISCUSSION

One of the main challenges of Telemedicine applica-
tions through RF transmission is the low nonlinearity 
involved in the transmitter stage; a critical consider-
ation is to ensure that biomedical signals operate 
within power regimes below the P1dB threshold, 
thereby mitigating intrinsic nonlinearities. The RF-PA 
model ZX60-5916MA-S+ operates under the P1dB 
threshold of 10.63 dBm, ensuring heightened linearity 
without compromising power during RF transmission. 
The active directivity of the DUT particularly suitable 
for minimizing noise in the receiver stage and facilitat-
ing the recovery of the demodulated signal.

 Figure 6 illustrates the relation between input power 
and output power, emphasizing the utilization of the 
RF-PA within its linear operational range for optimal 
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tion of the signal and an enhancement of -20 dB in the 
NMSE. It has been determined that the integration of 
higher-order n-QAM schemes into subsequent proce-
dures may have the potential to improve NMSE, partic-
ularly when high induced frequencies in the signal are 
required for Fourier domain analysis.

FIGURE 9. The time domain signal recovered by the 32-QAM 
modulation scheme.

power efficiency in telemedicine transmission applica-
tions. At the central point of the bandwidth, a power 
level of -27.9 dBm is noted, while the output power is 
reached at -11.2 dBm, resulting in the DUT operating 
with a gain of 16.7 dB.

Figure 7 depicts the acquired signal derived from the 
embedded ECG/EKG board, wherein the system com-
prises an acquisition stage utilizing the Olimex module 
in conjunction with electrodes featuring an AgCl-type 
sensor. An algorithm has been devised for the discern-
ment of peaks within cardiac signals, facilitating the 
determination of heart rate, and the subsequent com-
putation of sample-based heart rate.

FIGURE 7.  signal recovered in the time domain under that 
32-QAM modulation scheme.

Figure 8 presents the signal recuperated under the 
16-QAM scheme, wherein each cycle comprises 16 con-
stituent parts constituting the signal. It is noteworthy 
that despite the 4-bit packaging characteristic of 
16-QAM, the scheme leverages speed advantages 
during the transmission process. Subsequently, Figure 
9 illustrates the signal recovery under the 32-QAM 
modulation scheme, involving a discretization of 32 
segments and a packaging configuration of 5 bits per 
event.

In addition, the 64-QAM modulation scheme is illus-
trated, (Figure 10), featuring a significant discretiza-

FIGURE 8.  The time domain signal recovered by the 16-QAM 
modulation scheme.

Spectral validation is critical to ensure that there is no 
invasion of adjacent bands during the transmission 
process; ACPR is a figure of primary merit for this anal-
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Table 1 describes the metrics achieved during the 
implementation. A bandwidth of 10 MHz is used 
because the transmission of ECG signals involves a rel-
atively low level of BW for digital modulation, which 
provides flexibility to migrate to higher bandwidths if 
the monitoring of several biomedical signals and trans-
mission is required, a crest factor of 718.85 is obtained 
showing an appropriate relationship of the main BW 
concerning the power of the adjacent bands, the 
achievement of an ACPR of 28.56 dBc enables the 
implementation of modulation schemes that ensure 
the highest order n-QAM.

FIGURE 11. Transmitted stimulus under a 10 dB attenuation. 

FIGURE 12. Amplified signal under a 10 dB attenuation.

 
RF-PA spectral validation 

Average power of main 
BW  

-61.546 dBm 

Average power of the 
adjacent channel 

-90.112 dBm 

Crest Factor 718.85 
BW power validation 7.005x10-7 mW 

Adjacent channels 
power validation 

9.745x10-10 mW 

ACPR   28.56 dBc 
BW 10 MHz 

 

FIGURE 10.  The time domain signal recovered by the 
64-QAM modulation scheme.

ysis since it defines the relationship of the average 
power between the main bandwidth and the side chan-
nels, the signal is shown in Figure 11; acquired from 
the transmitter showing -27.89 dBm due to the 10 dB 
attenuator located at the input port of the Spectrum 
Analyzer SIGLENT SSA3032X, and Figure 12 shows the 
signal amplified by the DUT ZX60-5916MA-S+ with a 
power of -11.21 dBm given that it passes through the 10 
dB attenuator of the input port.

TABLE1.  Power spectral validation 

CONCLUSIONS 
This research work introduces a substantive contribu-

tion to the field of Telemedicine, characterized by key 
stages encompassing signal acquisition facilitated by 
an Olimex module along with electrodes featuring an 
AgCl-type sensor. Additionally, a M-language algo-
rithm is formulated for the segmentation and storage 
of biomedical signals. The digitized ECG signal under-
goes modulation utilizing a variable n-QAM scheme, 
with a designated bandwidth of 10 MHz chosen to 
accommodate the periodic nature of the signals during 
transmission. By selecting this option, the crest factor 
is decreased, which encourages the consideration of 
implementing higher QAM schemes. The application of 
n-QAM modulation transcends ECG signals and facili-
tates the transmission of real-time data while manag-
ing a wide variety of biological signals.
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The transceiver system's intrinsic regulation of the 
transmission process eliminates the need for expen-
sive signal vector generators in the laboratory, thereby 
guaranteeing accuracy during signal acquisition, pre-
processing, and data transmission. In addition, a flexi-
ble algorithm is developed for handling various n-QAM 
orders in order to discretize, store, and package data 
within the OFDM framework.

The transition of systems to 5G requires the imple-
mentation of adaptive platforms that are capable of 
meeting digital modulations, consume just the neces-
sary bandwidth, and follow the crest factor and ACPR 
limits. These limits are imposed by the RF power 
amplifier being evaluated, which is susceptible to spec-
tral growth resulting from nonlinearities and memory 
effects.

The platform and algorithm developed are an alterna-
tive in Telemedicine applications because they allow 
the acquisition of biomedical signals and wireless 
transmission, especially in rural areas where the doc-
tor is located remotely or his location is centralized for 
monitoring several towns.
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RESUMEN 
El presente trabajo es un seguimiento a la propuesta para la contribución con especialistas en la salud para enriquecer 
los sistemas de seguimiento y apoyo en pacientes con Enfermedad de Párkinson a través de la clasificación de 
actividades de la vida diaria (AVDs) utilizando Redes Neuronales Artificiales programadas en lenguaje Python. El 
método propuesto de aprendizaje supervisado permitió la clasificación de 6 AVDs mediante 22 señales procedentes 
de haber aplicado Análisis de Componentes Principales; conformando la base de datos utilizada para entrenar un 
Perceptrón Multicapa, logrando un acercamiento a la clasificación con el 93% de medida F1-score. El presente 
estudio demuestra la versatilidad de las RNA basadas en MLP combinadas con la técnica de PCA, pues incluso en una 
base de datos desbalanceada como la utilizada permite alcanzar excelentes valores en la medida F1-score. El uso de 
Inteligencia Artificial y otras herramientas aplicadas en este trabajo pueden eventualmente ayudar a especialistas 
a desempeñar una evaluación más certera en el monitoreo de la rehabilitación en pacientes con enfermedad de 
Párkinson mejorando los registros y así evitar subjetividad en la interpretación de los resultados del tratamiento.
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ABSTRACT
This paper is a proposal to contribute with health specialists to enrich the follow-up and support systems in patients 
with Parkinson's by identifying and classifying Daily Living Activities (DLAs) using Artificial Neural Networks 
programmed in Python language. The proposed method of supervised learning allowed the classification of 6 DLAs 
through 22 signals obtained from the application of Principal Component Analysis, creating a database used to train 
a Multilayer Perceptron. This model achieved an approximation of classification with 93% of the F1-score. The 
present study demonstrates the versatility of ANNs based on MLP combined with the PCA technique since, even in 
an unbalanced database such as the one used, it allows excellent values to be achieved in the F1-score measure. The 
use of Artificial Intelligence and other tools applied in this work may eventually help specialists to perform a more 
accurate assessment in the monitoring of rehabilitation for patients with Parkinson's disease by improving records 
and thus avoiding subjectivity in the interpretation of treatment results.
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INTRODUCCIÓN
La Enfermedad de Parkinson (EP) se caracteriza por 

ser una afección crónica y progresiva provocada por el 
deterioro neuronal en la sustancia nigra y la disminu-
ción de los niveles de dopamina en el cuerpo [1]. La 
enfermedad de Párkinson no es curable, por lo que el 
objetivo de los tratamientos es exclusivamente sinto-
mático [2]. El manejo farmacológico es el principal trata-
miento del paciente con EP. Se requiere de un trata-
miento que incluya diversas disciplinas en su manejo 
para promover la participación del paciente en la socie-
dad y fomentar la actividad física desde el momento del 
diagnóstico con la finalidad de adquirir estrategias de 
movimiento antes de presentar limitaciones físicas y 
cognitivas más severas [3]. A pesar del óptimo trata-
miento 70 % de los pacientes con enfermedad de 
Parkinson experimentan momentos donde los sínto-
mas motores como tremor, bradicinesia e inestabilidad 
postural empeoran, estos momentos son conocidos 
como fluctuaciones motoras [4]. 

El seguimiento de las fluctuaciones de los síntomas 
motores en pacientes con enfermedad de Párkinson se 
realiza actualmente a través de la autoevaluación sub-
jetiva de los pacientes. Sin embargo, los médicos y 
especialistas requieren información objetiva y más 
confiable sobre la ocurrencia de las fluctuaciones para 
permitir una planeación precisa del tratamiento [5].

La evaluación mediante sensores inerciales de los 
signos motores y fluctuaciones, pueden proporcionar 
retroalimentación objetiva y confiable sobre los efectos 
del manejo terapéutico [6]. A la fecha este tipo de senso-
res han sido estudiados para detectar actividades de la 
vida diaria, principalmente caminar y en pocos casos 
acostarse, sentarse y mantenerse de pie [7][8][9]. En estas 
investigaciones se han utilizado diversos tipos, núme-
ros, ubicaciones de sensores y métodos de clasificación 
variables sin alcanzar un consenso a la fecha. 
Principalmente se ha utilizado una configuración de 
un sensor predominantemente en la cadera y de tipo 
acelerómetro [7][8][9]. Aunque los primeros experimentos 

se concentraban en la validación de laboratorio de los 
registros obtenidos con los sensores inerciales, actual-
mente el interés parece concentrarse en probar nuevos 
métodos de clasificación centrados en un propósito 
clínico, con precisiones reportadas entre un 55.9% y 
90.8% [8][9][10].

La clasificación de actividades de la vida diaria utili-
zando Redes Neuronales Artificiales (RNA) ha demos-
trado el alto potencial de aplicar Deep Learning a la 
resolución de los problemas en la clasificación de seña-
les realizadas por pacientes con Enfermedad de 
Párkinson. Estas herramientas han ayudado a desarro-
llar nuevas posibilidades de apoyo para que los espe-
cialistas puedan llevar a cabo evaluaciones más certe-
ras de la funcionalidad motora y de los tratamientos 
proporcionados mediante una mejor calidad de moni-
toreo en la rehabilitación de los pacientes. El uso de 
inteligencia artificial para ayudar a la detección y trata-
miento de la EP es de creciente interés para médicos e 
investigadores alrededor del mundo [11]. Actualmente 
se está trabajando en el desarrollo de diversos métodos 
de inteligencia artificial basados en algoritmos de 
aprendizaje profundo que permitan la detección y 
poder hacer un seguimiento de los principales sínto-
mas motores de la Enfermedad de Párkinson [12].

De acuerdo con el estudio donde las RNA son utiliza-
das para clasificar las AVDs desempeñadas por 5 
pacientes con Enfermedad de Párkinson, se obtuvo un 
porcentaje de exactitud del 99 % en el aprendizaje de 
clasificación [13]. Por lo que en este trabajo se busca 
obtener un método con resultados semejantes, pero 
realizando reducción de dimensionalidad de la base de 
datos a través de la extracción de la información más 
relevante para la clasificación de actividades de la vida 
diaria utilizando sensores inerciales.

MATERIALES Y MÉTODOS

Origen y adecuación de datos
Este trabajo fue desarrollado utilizando una base de 
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datos (BD) de 179,755 observaciones por 64 columnas, 
empleada y descrita en investigaciones previas [9][13]. 
Brevemente, para crear la base de datos se reclutó a tres 
individuos con EP, con una edad promedio de 63.5 años 
y un estadio Hoehn y Yahr de dos puntos. La base de 
datos contiene información de los individuos mientras 
hacían en orden aleatorio un circuito de actividades de 
la vida diaria como mantenerse de pie, caminar, sen-
tarse, subir escaleras, acostarse y caminar con una 
charola en las manos. Durante el registro se capturó 
información de cuatro sensores inerciales colocados en 
pie, muslo, pelvis y muñeca derecha a una frecuencia 
de 250 Hz. Esta información fue preprocesada con un 
filtro Butterworth pasa-bajas de segundo orden y una 
frecuencia de corte de 5 Hz y se utilizó una ventana 
móvil de 6.4s para calcular diferentes métricas como 
promedio, mínimo, máximo, desviación estándar, 
valor RMS de la señal en cada eje y resultante de los 
sensores que componen cada sensor inercial. 

En esta investigación, se desarrolló un entorno de tra-
bajo en Anaconda, donde se importó la base de datos 
que dispone de 179,755 observaciones y 64 variables 
definidas como las entradas [13]. A diferencia de la meto-
dología reportada con anterioridad, una vez importada 
y reagrupada la base, se le aplicó aleatorización y pos-
teriormente se guardaron las entradas en la variable 
dataset_01x; y el vector 65 se guardó en la variable 
dataset_01y; caracterizado por contar con las etiquetas 
de los tipos de AVDs desempeñadas por los sujetos con 
EP.

Posteriormente se hizo la división de la información 
donde el 50% de las entradas se emplearon para entre-
namiento y el otro 50% restante para prueba [13].

Análisis de Componentes Principales
Buscando reducir la dimensionalidad de la base de 

datos, se aplicó Análisis de Componentes Principales 
(Principal Component Analysis, PCA) mediante instruc-
ciones de programación en Python. Esta herramienta 
permite extraer las características más relevantes para 

mantener un porcentaje elevado de significancia de la 
base para así eliminar aquellas variables que no apor-
ten información tan relevante [14]. 

El PCA es una técnica ampliamente utilizada para 
reducir la dimensionalidad de conjuntos de datos com-
plejos sin pérdida de información a través de la repre-
sentación del conjunto de datos original en otro nuevo 
conjunto de nuevas variables no correlacionadas llama-
das componentes principales (Principal Components, 
PC) [15]. Los PC son útiles para representar de forma más 
compacta los datos. Los PC se obtienen a partir del cál-
culo de los valores propios del conjunto de datos origi-
nal por lo que representan direcciones en el espacio de 
datos originales, lo que la hace del PCA una técnica 
altamente adaptable a diferentes tipos y estructuras de 
datos [15]. La técnica de PCA ha sido utilizada previa-
mente para análisis de la marcha en pacientes con 
enfermedad de Parkinson [16][17].

Como primeros pasos para emplear este método, se 
normalizaron los datos para eliminar diferencias en las 
escalas de las características o variables de la base de 
datos original. En la Figura 1 se tiene un diagrama de 
flujo de la metodología empleada para el diseño de la 
red neuronal artificial. Los puntos 1 a 3 pertenecen al 
origen y la adecuación de los datos, a partir del punto 4 
se emplean instrucciones específicas para las entradas 
y salidas.

Partiendo del paso 4-A y 4-B de la Figura 1, se pueden 
observar los procesos que permiten adaptar las entra-
das de entrenamiento X a un escalamiento de tal 
manera que su media sea 0 y la varianza sea 1. 
Posteriormente el PCA calcula la matriz de covarianza 
S=XTX, que representa las relaciones entre las caracte-
rísticas de la matriz de datos normalizada X [15]. A con-
tinuación, se determinan los valores propios de la 
matriz S y se ordenan en orden descendente. Se selec-
cionan los primeros k, correspondientes a las direccio-
nes más importantes y se construye una matriz de 
proyección W utilizando los valores propios selecciona-
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FIGURA 1. Metodología empleada para el diseño de la RNA.

dos. Para fines de este trabajo, en el paso 6, se planteó 
mantener los primeros k valores para conservar el 95 % 
de varianza de la información. Finalmente se trans-
forma el conjunto de datos originales en un nuevo 
subespacio de características de la forma T=XW [15].

forma durante el aprendizaje los pesos y sesgos de la 
red se ajustan para minimizar la función de pérdida. 

Estudios previos han mostrado la utilidad de MLP 
para la clasificación y evaluación de los síntomas y acti-
vidades en sujetos con enfermedad de Parkinson. En 
específico el uso de MLP en combinación con técnicas 
de remuestreo ha logrado mejorar la clasificación de la 
gravedad del temblor de la enfermedad de Parkinson, 
alcanzando 93.81 % de precisión general [21]. Otro estu-
dio logró detectar la bradicinesia utilizando MLP y 
relojes inteligentes con una precisión de 0.77 [22]. En 
otro estudio utilizando un sensor inercial y MLP se 
logró una precisión del 100 % para distinguir entre 
estados "encendidos" y "apagados" para terapia de esti-
mulación cerebral profunda [23]. 

El diseño de la RNA actual considera el diseño de una 
RNA reportada previamente, la cual fue entrenada uti-
lizando la base de datos completa BD [13]. Así el diseño 
inicia con el preprocesamiento de la base de datos que 
incluye el escalamiento de -1 a 1 de las entradas y la 
codificación a binario One Hot Encoder (OHE) para las 
etiquetas de salida [13].

Posteriormente se declaró un modelo de red secuen-
cial con 2 capas ocultas; la primera capa utilizó 16 neu-
ronas ejecutadas con la Función de Activación (FA) 
Rectified Linear Units (ReLu, por sus siglas en inglés) la 
cual ha demostrado proporcionar mejoras en el entre-
namiento de una red neuronal artificial [24]. Para la 
segunda capa oculta fue declarada con 10 neuronas y 
FA Sigmoid. (tradicionalmente conocida en la teoría e 
implementación de las RNA [25]); a dicho modelo se le 
aplicó el optimizador Adam. Este modelo requirió 1000 
épocas para su procesamiento y un batch size de 250.

Comportamiento de red por subconjunto de sujetos
El desempeño de cualquier clasificador se basa en la 

representatividad de los datos de entrenamiento. Sin 
embargo, esto puede ser difícil de lograr en casos como 
la Enfermedad de la Enfermedad de Parkinson, donde 
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Diseño RNA tipo Perceptrón Multicapa
El diseño de la RNA se basa en el perceptrón de capas 

múltiples (MLP) el cual es un diseño muy versátil y 
ampliamente utilizado de RNA feedforward que consta 
de una capa de entrada, una de salida y una o múltiples 
capas ocultas que pueden implementarse en hardware 
[18][19][20]. La operación de un MLP con n capas sobre un 
vector de datos de entrada x se puede representar como 
una secuencia de funciones f(x)=f(n)(f(n-1)(…(f(2)(f(1)(x)). 
En cada capa n se realiza una transformación y=f(Wx+b), 
donde W es una matriz de pesos, b es el vector de sesgo 
y f es la función de activación [18]. La función de activa-
ción introduce no linealidades a la red como una tan-
gente hiperbólica (tanh(z)), o una función de activación 
rectificada RELU = max(0,z). De esta forma para cada 
vector de entrada x la red calcula la salida de cada neu-
rona de cada capa n hasta llegar a la capa de salida. Al 
llegar a la capa de salida, se calcula el error respecto a 
las salidas deseadas (función de pérdida) minimizado 
mediante un algoritmo de optimización de descenso de 
gradiente y propagando desde la capa de salida hasta la 
capa de entrada durante el aprendizaje [18]. De esta 



la manifestación de síntomas es heterogénea y variante 
a lo largo del tiempo. Incluso se ha documentado la 
posibilidad de confundir esta enfermedad con síndro-
mes parkinsonianos, por lo cual se han propuesto sub-
categorías con compromiso en la especificidad y sensi-
bilidad de su clasificación en base a características clí-
nicas como la presencia de temblor en reposo y afecta-
ción asimétrica [26]. Para explorar el desempeño de 
nuestro clasificador cuando se aplica en un subcon-
junto de sujetos pertenecientes a la misma población 
clínica pero tal vez con diferencias no perceptibles en 
su desempeño motor, se realizó un experimento de 
elaboración de un desarrollo de un clasificador con 
entrenamiento y prueba en subconjuntos diferentes de 
sujetos. El estudio de la precisión de la clasificación 
entre grupos demográficos ha sido abordado previa-
mente. Un estudio previo mostró una disminución de 
precisión en la clasificación de felicidad asociada a 
características demográficas del subconjunto de suje-
tos evaluados [27]. 

Para simular condiciones donde la red es entrenada 
con un conjunto de sujetos y probada en otro conjunto 
que puede ser diferente, se propuso evaluar el compor-
tamiento de la red con una base de datos que contenga 
las señales del 80 % de los sujetos de estudio en la fase 
de entrenamiento; y las señales del 20 % de los sujetos 
utilizarlas en la etapa de prueba. 

Para esta exploración de la base de datos original, se 
extrajeron las observaciones 1 a 126,073; pertenecien-
tes al 80 % de sujetos [9]. Dichas señales se guardaron en 
una nueva base de datos denominada “mat01” y las 
señales del 20 % de sujetos restante (variables 126,074 
a 179,755) [9] se guardaron en “mat02”.

Posteriormente, se aleatorizaron las bases de datos y 
se llevaron a cabo los puntos 2 y 3 de la metodología 
descrita. No obstante, el modelo de red propuesto para 
esta exploración se caracteriza por tener 15 neuronas 
en la primera capa oculta y 11 neuronas en la segunda. 
En la Tabla 1 se pueden apreciar los parámetros esta-

blecidos para los modelos descritos en este trabajo. 

El modelo BD65 pertenece al diseño reportado en tra-
bajos anteriores [13] donde no se aplicó PCA a la base de 
datos. Por otro lado, los modelos BD PCA y BD PCA 
Sujetos mostrados en la Tabla 1, se ajustan al criterio 
establecido del 95 % de significancia, por lo que se uti-
lizan 22 y 20 componentes respectivamente obtenidos 
por el método PCA. Se destaca que las diferencias en los 
modelos son los parámetros de ajuste de las redes, la 
cantidad de neuronas y principalmente la distribución 
de los datos en el entrenamiento del Perceptrón 
Multicapa.

 
Modelo Norma 

lización 

Capas Función 

Activación 

Neuronas 

BD65 
 

0 a1 4 ReLU 
sigmoid 
sigmoid 
sigmoid 

61  
52  
40  
27 

BD 
PCA 

22  

-1 a 1 2 ReLU 
sigmoid 

15 
11 

BD 
PCA 

Sujetos 
20 

-1 a 1 2 ReLU 
sigmoid 

17 
11 

 

TABLA 1. Parámetros de modelos diseñados

FIGURA 2. Comportamiento BD 65.
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RESULTADOS Y DISCUSIÓN
El comportamiento de generalización para el modelo 

de red neuronal artificial es la habilidad que el sistema 
tiene de reconocer de manera correcta las AVDs que no 
se le presentaron con anterioridad en la etapa de entre-
namiento. Dicho comportamiento para el modelo ela-
borado en el trabajo de investigación previo se puede 
apreciar en la Figura 2.



Por medio de esta gráfica se comprueba que las redes 
neuronales artificiales y el aprendizaje profundo per-
miten la clasificación de actividades físicas capturadas 
con sensores inerciales y almacenadas en la base de 
datos con un resultado de exactitud elevado tanto en la 
fase de entrenamiento como de prueba [13].  Para una 
mejor visualización del modelo, se llevó a cabo la repre-
sentación arquitectónica con los detalles de las neuro-
nas y funciones de activación para cada capa. Dicha 
representación se puede observar en la Figura 3.

FIGURA 3. Arquitectura de Red Neuronal Artificial BD65.

FIGURA 4. Comportamiento de aprendizaje BD PCA. 

FIGURA 5. Arquitectura MLP BD PCA.

En la Tabla 2, se puede observar la distribución de 
parámetros que se entrenan al interior de la red de 
primer modelo BD65 en KB.

 
Capa (tipo) Forma de 

Salida 
Parámetros 

Densa (Densa) (Ninguno, 61) 3065 
Densa_1 (Densa) (Ninguno, 52) 3224 
Densa_2 (Densa) (Ninguno, 40) 2120 
Densa_3 (Densa) (Ninguno, 27) 1107 
Densa_4 (Densa) (Ninguno, 6) 168 

Total de parámetros: 10584 (41.34 KB) 
Parámetros entrenables: 10584 (41.34 KB) 
Parámetros no entrenables: 0 (0 KB) 

 
 

TABLA 2. Resumen del modelo BD65

Para el segundo modelo el Perceptrón multicapa BD 
PCA que fue obtenido mediante el análisis de 
Componentes Principales que permite ordenar la 

varianza de los datos a partir de aquellas característi-
cas más relevantes hasta las dimensiones menores que 
se consideran como ruido aleatorio [28], se alcanzó 
niveles muy elevados de precisión tanto en el entrena-
miento como en prueba, como se puede observar, en la 
Figura 4.

En esta propuesta, la Red Neuronal Artificial obtuvo 
un porcentaje de aprendizaje del 95 % en la prueba y 
entrenamiento. Para lograr este porcentaje de aprendi-
zaje, se tuvo que entrenar durante más épocas y así 
garantizar que el método de reducción de característi-
cas funciona de manera similar al comportamiento de 
la Figura 2, perteneciente al primer modelo.

En este segundo modelo de red donde se utilizó una 
base de datos con 22 componentes y se obtuvo la 
arquitectura mostrada en la Figura 5.
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En la Tabla 3, se observa el resumen de este segundo 
modelo y cómo es que el comportamiento y uso de KB 
cambia con respecto al primer modelo.

 
 

Capa (tipo) Forma de 
Salida 

Parámetros 

Densa (Densa) (Ninguno, 15) 345 
Densa_1 (Densa) (Ninguno, 11) 176 
Densa_2 (Densa) (Ninguno, 6) 72 

Total de parámetros: 593 (2.32 KB) 
Parámetros entrenables: 593 (2.32 KB) 
Parámetros no entrenables: 0 (0 KB) 

 

TABLA 3. Arquitectura MLP BD PCA.

En cuanto a la clasificación real de las actividades 
respecto a sus predicciones, la Figura 6, muestra la 
matriz de confusión de esta red, que indica la propor-
ción de datos clasificados correctamente con la canti-
dad total de ellos, es decir, permite ver la distribución 
de los errores identificando a detalle contra cual activi-
dad se equivoca de las 6 evaluadas, así como la preci-
sión en la clasificación de estas.

FIGURA 6. Matriz de confusión Modelo BD PCA.

FIGURA 7. Precisión de modelo BD PCA Sujetos.

FIGURA 8. Precisión de modelo BD PCA Sujetos.Para el tercer modelo, se utilizan las observaciones 
del 80 % de sujetos en la etapa de entrenamiento, sin 
presentar las señales restantes hasta la fase de prueba. 
También se mantuvo una significancia del 95 % en el 
PCA, de esta manera se requirieron 20 componentes. 
Lo anterior, sugiere que el quinto sujeto podría aportar 
información relevante para el aprendizaje del sistema. 

Este comportamiento se puede observar en la gráfica 
de precisión mostrada en la Figura 7.

La Figura 7 es una representación gráfica del porcen-
taje de exactitud que se obtuvo al entrenar únicamente 
con las señales de 80 % de sujetos y probar con las 
señales del porcentaje restante. La precisión de la red 
en la etapa de prueba únicamente llegó a ser del 51.09 
%. Comprobando que la generalización de la red no 
mostró resultados favorables.  La arquitectura de dicho 
modelo se puede observar en la Figura 8.

Finalmente, para el tercer modelo se presenta en la 
Tabla 4, la reducción en el uso de KB de los parámetros 
entrenables de la red. La disminución progresiva del 
número de parámetros en cada modelo, nos indica que 
el número de operaciones para obtener una inferencia 
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(salida de la red) se realiza con menos tiempo, dando 
posibilidad de implementarse en dispositivos con 
recursos más limitados y por tanto económicos.

 
 

Capa (tipo) Forma de 
Salida 

Parámetros 

Densa (Densa) (Ninguno, 15) 345 
Densa_1 (Densa) (Ninguno, 11) 176 
Densa_2 (Densa) (Ninguno, 6) 72 

Total de parámetros: 593 (2.32 KB) 
Parámetros entrenables: 593 (2.32 KB) 
Parámetros no entrenables: 0 (0 KB) 

 

 
C 
L 
A 
S 
E 

BD PCA 
22 

Exactitud 0.95 

BD PCA 
Sujetos 20 

Exactitud 0.55 

Preci-
sión 

Recall F1 
Score 

Preci-
sión 

Recall F1 
Score 

1 0.93 0.94 0.93 0.71 0.51 0.59 

2 0.92 0.94 0.93 0.27 0.12 0.16 

3 0.95 0.92 0.93 0.27 0.12 0.17 

4 0.94 0.94 0.94 0.60 0.61 0.60 

5 0.98 0.98 0.98 0.57 0.92 0.70 

6 0.92 0.93 0.93 0.2 0.07 0.10 

 

TABLA 4. Resumen parámetros BD PCA Sujetos

TABLA 5. Parámetros de modelos de RNA
En cuanto a la matriz de confusión para este último 

modelo donde se utilizaron 20 % de las señales perte-
necientes a un solo sujeto en la fase de prueba, se 
puede notar en la Figura 9; que la cantidad de error en 
las predicciones de la clasificación para las 6 clases es 
elevada. Lo que lleva a comprobar que la información 
del último sujeto sí es relevante para el adecuado 
entrenamiento de la red.

FIGURA 9. Matriz de confusión para modelo RNA PCA Sujetos

Múltiples parámetros permiten evaluar el rendi-
miento de los modelos. Por ejemplo, la exactitud es la 
métrica más utilizada para evaluar la exactitud gene-
ral de las predicciones del clasificador [29][30]. La preci-
sión mide la exactitud de las predicciones positivas [29]

[30]. La sensibilidad o recall mide la habilidad para iden-
tificar la proporción de casos positivos mientras que la 

especificidad hace lo propio para los casos negativos 
[29][30]. La medida F1-score es la combinación de la exac-
titud con la sensibilidad. La medida F1-score es la com-
binación de la exactitud con la sensibilidad [29][30], por 
esta razón y debido a que la base está desbalanceada se 
consideró a F1-score como la métrica apropiada en la 
propuesta. Para facilitar la comprensión de la calidad 
de las predicciones de los modelos de RNA PCA 22 y 
PCA sujetos los parámetros anteriores fueron calcula-
dos en Python, ver Tabla 5. Todos los parámetros 
muestran la superioridad del modelo RNA BD PCA 22 y 
que el PCA funcionó muy bien ya que todos los pará-
metros son altos, incluso la medida f1-score.

Cabe destacar que no es definitiva la conclusión res-
pecto a la aportación del último sujeto debido a que es 
necesario realizar un estudio más detallado que invo-
lucre una mayor cantidad de participantes en el proto-
colo y analizar la distribución de la colocación de los 
sensores e identificar la mejor frecuencia de muestreo.

Al comparar el comportamiento de las gráficas de 
precisión se destaca que quitarle las señales de un 
sujeto de prueba a la red en la fase de entrenamiento, 
perjudica su aprendizaje. Esto puede deberse a diver-
sos factores. Son pocos los sujetos de investigación que 
participaron en este proyecto por lo que la red no 
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cuenta con diversas señales. Igualmente puede que la 
colocación de los sensores haya influenciado en la 
toma de señales. 

Como resultado de comparar los porcentajes de preci-
sión de las redes neuronales artificiales evaluadas 
tanto en trabajos previos como los reportados en este 
escrito, se obtuvo la Figura 10.

 La reducción de la dimensionalidad a través de PCA 
permite mejorar la eficacia del sistema manteniendo la 
información de los componentes más relevantes y con 
esto descartar aquellas variables que no proporcionan 
información relevante. Logrando mantener porcenta-
jes elevados de precisión.

La clasificación de actividades realizadas por pacien-
tes con enfermedad de Parkinson ha sido estudiada 
mediante otras técnicas y algoritmos con tasas de 
exactitud consideradas aceptables a través de diferen-
tes lenguajes de programación como en Matlab. El 
aprendizaje profundo ha irrumpido con fuerza en este 
problema y son cada vez más las redes neuronales arti-
ficiales diseñadas para la resolución de distintos tipos 
de clasificación, permitiendo obtener buenos resulta-
dos de manera sencilla. El uso de Análisis de 
Componentes Principales permite mantener altos por-
centajes de exactitud sin necesidad de utilizar toda la 

FIGURA 10. Exactitud en clasificación de AVDs en RNA.

información de la base de datos; por lo que se consi-
dera una herramienta importante para trabajos futu-
ros; como lo es la implementación de algún diseño de 
aplicación móvil que permita monitorear las señales 
del paciente e incluso queda la posibilidad de estudiar 
las señales a otro rango de frecuencia adquirido con la 
finalidad de ver si esto proporciona un cambio en el 
registro de los movimientos para cada actividad.

CONCLUSIONES

En las últimas décadas, la aplicación del Deep Learning 
ha ido creciendo debido a las características que ofrece 
trabajar con diversos modelos de Redes Neuronales 
Artificiales. El presente estudio demuestra la versatili-
dad de las RNA basadas en MLP combinadas con la 
técnica de PCA, pues incluso en una base de datos 
desbalanceada como la utilizada permite alcanzar 
medidas F1-score mayores al 93 %. Emplear una base 
de datos reducida utilizando aproximadamente el 34 
% de la información original, permite tener resultados 
elevados en la exactitud utilizando herramientas de 
PCA. El estudio desarrollado ha demostrado el poten-
cial de implementar una de las amplias ramas que la 
Inteligencia Artificial brinda para la resolución de los 
problemas en cuanto a la clasificación; para posterior-
mente ser integrado a un sistema que apoye al perso-
nal de medicina en el monitoreo de actividades reali-
zadas por el paciente dando seguimiento de la enfer-
medad de Párkinson.
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ABSTRACT
This paper aims to introduce an innovative approach to semantic segmentation by leveraging a convolutional neural 
network (CNN) for predicting the shape and pose parameters of the left ventricle (LV). Our approach involves a 
modified U-Net architecture with a regression layer as the final stage, as opposed to the traditional classification 
layer. This modification allows us to predict all the shape and pose parameters of a statistical shape model, including 
rotation, translation, scale, and deformation. The adapted U-Net is trained using data from a point distribution model 
(PDM) of the LV. The experimental results demonstrate a mean Dice coefficient of 0.82 on good quality images, and 
0.66 including mean and low-quality images. Our approach successfully overcomes a common issue encountered in 
CNN-based semantic segmentation. Unlike the inaccurate pixel classification that often leads to unwanted blobs, our 
CNN generates statistically valid shapes. These shapes hold significant potential in initializing other methods, such 
as active shape models (ASMs). Our novel CNN-based approach provides a novel solution for semantic segmentation, 
offering shapes and pose parameters that can enhance the accuracy and reliability of subsequent medical image 
analysis methods.

KEYWORDS: convolutional neural networks, echocardiography, left ventricle segmentation, statistical shape analysis
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RESUMEN 
Este artículo tiene como objetivo introducir un enfoque innovador para la segmentación semántica utilizando una red 
neuronal convolucional (CNN) para predecir los parámetros de forma y posición del ventrículo izquierdo (VI). Nuestro 
enfoque implica una arquitectura U-Net modificada con una capa de regresión como etapa final, en contraposición 
a la capa de clasificación tradicional. Esta modificación nos permite predecir todos los parámetros de un modelo 
estadístico de formas que incluyen rotación, traslación, escala y deformación. La red convolucional se entrena 
utilizando datos de un modelo de distribución de puntos (PDM) del VI. Los resultados experimentales muestran un 
coeficiente Dice promedio de 0.82 para imágenes de buena calidad y de 0.66 cuando se incluyen imágenes de calidad 
media y baja. Nuestro enfoque supera con éxito un problema común en la segmentación semántica basada en CNNs. 
A diferencia de la clasificación inexacta de píxeles que a menudo conduce a elementos no deseados (blobs), nuestra 
CNN genera formas estadísticamente válidas. Estas formas tienen un gran potencial para inicializar otros métodos, 
como los modelos de forma activa (ASMs). En resumen, nuestro enfoque basado en CNN proporciona una solución 
innovadora para la segmentación semántica, ofreciendo formas y parámetros de posición que pueden mejorar la 
precisión y confiabilidad de otros métodos de análisis del VI.

PALABRAS CLAVE:  análisis estadístico de forma, ecocardiografía, redes neuronales convolucionales, segmentación del 
ventrículo izquierdo 
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Left ventricle (LV) segmentation in ultrasound images 
is a crucial process for evaluating the ejection fraction 
and assessing heart condition. Ultrasound offers real-
time imaging with moderate costs and no ionizing 
radiation. However, image quality is affected by speckle 
noise and acoustic shadows of adjacent structures. For 
these reasons, several automatic and non-automatic 
methods have been developed to perform the segmen-
tation of the LV in ultrasound images.

Some of the main approaches to LV segmentation 
have been active contours, such as geodesic models [1] 

and level sets [2], deformable templates, such as shape 
models [3] registration-based methods [4], and super-
vised learning models such as data base guided seg-
mentation [5], and hybrid active appearance models [6]. 
International challenges have contributed to the publi-
cation of large image databases that enable the training 
and testing of supervised learning models [7]. Machine 
learning models have shown high performance in the 
segmentation of the LV in echocardiography in 2D and 
3D, taking advantage of the public image databases. An 
example of a machine learning method for LV segmen-
tation is reported in [8]. A structured random forest was 
developed for automatic segmentation of the myocar-
dium and the LV on an echocardiographic data set of 
250 patients, including healthy athletes and cardiac 
patients. The random forest showed improved segmen-
tation results when compared against an active appear-
ance model.

Statistical shape models (SSMs) and active shape 
models (ASMs) [9] have been extensively used, with 
continuous improvements. An enhanced ASM, as 
reported in [10], incorporates an adaptive strategy to 
construct appearance models of each landmark point, 
optimizing the number of principal components (PCs) 
using mean squared eigenvalue error (MSEE). 
Preprocessing with a Nakagami filter further improved 
segmentation results on good quality images from the 
CAMUS dataset. However, details on the ASM's initial-

ization method were not provided in the study.

Recently deep learning methods have been applied 
with good results for the segmentation of the LV. In [11] 
is presented a review of the application of convolu-
tional neural networks (CNNs) to the segmentation of 
the LV in ultrasound and MRI. Fully convolutional [12] 

and the U-Net architecture [13][14][15] have been success-
fully applied to the classification of the pixels corre-
sponding to the LV; Different SSMs such as morpholog-
ical models, snake models, and ASMs have been com-
bined with CNNs to create hybrid architectures in dif-
ferent studies. In [16] is reported a hybrid method with 
a fast region-based CNN and an ASM for LV segmenta-
tion in ultrasound images where adaptive anisotropic 
diffusion filtering is applied to all images, the fast CNN 
detects the bounding box around the LV for ASM ini-
tialization and the ASM finds the final boundary of the 
LV. On the other hand, new CNN architectures have 
been developed for the adjustment of a shape contour. 
In [17] is reported a new approach for left ventricle seg-
mentation based on a CNN that first, detects 3 land-
marks: apex, starting and, end points of the endocar-
dium; Afterwards, a triangle (start-apex-end point) is 
used as initialization for a deep-snake [18] which is 
adjusted to the endocardium using circular convolu-
tion, good results were obtained in the HMC-QU echo-
cardiography data set. Also, convolutional neural net-
works based on autoencoders such as U-Net [19], have 
shown good results when performing segmentation 
with reduced training sets; however, this type of net-
work has a great disadvantage as they are based on 
semantic segmentation, they produce areas (blobs) 
with an inaccurate classification that are sometimes 
far from the organ to be segmented (see Figure 1).

In this work, is reported a modified U-Net based 
architecture, which incorporates expert shape knowl-
edge of the LV in a point distribution model (PDM) [9], 
this approach diverges from the conventional pixel by 
pixel classification method discussed in [19]. Our model 
focuses on generating statistically valid shapes for the 
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FIGURE 1. Example of inaccurate classification by the U-Net 
generating blobs that are not part of the left ventricle.

FIGURE 2. Workflow of the proposed method.

FIGURE 3. Landmark sampling of each left ventricle shape in 
the training set.

left ventricle (LV). This alternative segmentation strat-
egy avoids the production of blobs due to pixel classi-
fication errors. Our work contributes to improve the 
reliability of LV segmentation. The training error of 
the proposed CNN was calculated as the RSME between 
the expert pose and shape values and the CNN output 
at each epoch. During the test stage our U-Net model 
optimizes the shape and pose parameters correspond-
ing to a non-training ultrasound image of the LV. In the 
following sections are presented all the details of the 
PDM of the LV, the U-Net architecture developed and 
its training parameters. In section III are reported the 
tests and results on the CAMUS [20] and EchoNet-
Dynamic [21] databases. In section IV are presented the 
discussion and conclusions.

MATERIALS AND METHODS
This section presents the proposed methodology. As 

can be observed in Figure 2, the methodology starts 
with the training of a U-Net convolutional network, 
which is fed with a set of echocardiography images 
(Figure 2a-2b). The target is to estimate the parameters 
of translation, rotation, scale, as well as a deformation 
vector (Figure 2c), which are useful to adjust the mean 
shape obtained from the PDM, and thus perform the 
segmentation of the left ventricle in the systole and 
diastole phases (Figure 2d). Finally, the proposed 
methodology is validated using the Dice coefficient 
and the Haussdorff distance. The details of each stage 
are explained in the following subsections.

Point distribution models 
Point distribution models (PDMs) have been widely 

used for modeling complex structures, such as the 
organs of the human body [9][22] and specifically in this 
paper the left ventricle. The model is based on a set of 
points known as “landmarks”, which must be a fixed 
number and should correspond to the same position 
along the contour of each example in the training set, 
as shown in Figure 3. 

A shape vector is constructed by concatenation of all 
the [x,y]  coordinates of the landmarks of each training 
shape. Subsequently, with this set of landmarks, the 
mean shape       is calculated as proposed by Cootes et 
al., [9], and the training set is aligned following the 
Procrustes algorithm [23]. Finally, a principal compo-
nent analysis (PCA) is performed on the covariance 
matrix of this set, obtaining the shape parameters 
(P,b) according to the 90 % of the explained variance, 
thus enabling the generation of new instances of the 
left ventricle, as described in Equation (1). 
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Shape and pose parameters.
In this work we constructed a PDM of the left ventricle 

with the purpose of modeling the deformation of each 
shape in the training set. The deformation of the PDM 
for each left ventricle shape can be calculated by solv-
ing for b in Equation 1, which yields Equation 2, where 
b contains the shape parameters of each training shape. 
The pose parameters (rotation, translation in X, transla-
tion in Y and scale) were obtained as follows: for each 
of the contours in the training set the rotation and scale 
were computed as suggested in [9] while translation in X 
and Y were calculated as the average value in each axis, 
on each training example.

𝑥𝑥 = 𝑥𝑥 + 𝑃𝑃𝑃𝑃   (1) 

Where: 

𝑥𝑥 = 𝑛𝑛𝑛𝑛𝑛𝑛	𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑛𝑛. 

𝑥𝑥 = 𝑚𝑚𝑛𝑛𝑎𝑎𝑛𝑛	𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑛𝑛.  

𝑃𝑃 = 𝑎𝑎𝑝𝑝𝑝𝑝𝑛𝑛𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑝𝑝	𝑛𝑛𝑝𝑝𝑒𝑒𝑛𝑛𝑛𝑛𝑒𝑒𝑛𝑛𝑝𝑝𝑒𝑒𝑒𝑒𝑝𝑝	𝑚𝑚𝑎𝑎𝑒𝑒𝑝𝑝𝑝𝑝𝑥𝑥.  

b = deformation parameter vector. 

(1)

𝑏𝑏 = (𝑥𝑥 − 𝑥𝑥) ∗ 𝑃𝑃′    (2) (2)

U-Net with statistical shape restrictions
We adapted a convolutional neural network architec-

ture that uses the features extracted by the convolu-
tional filters to predict the values of shape and pose of 
the PDM of left ventricle in this way, all segmentations 
are valid shapes restricted by the training of the net-
work, thus avoiding the blobs shown in Figure 1. The 
ultimate goal of this CNN is to predict the values of 
rotation, translation, scale and the deformation vector 
b corresponding to a given ultrasound image of the left 
ventricle.

Network architecture
To provide a better understanding of the proposed 

U-Net architecture (see Figure 4), it will be divided into 
4 blocks:

1. Input block: Is an image input layer of size 
256x256x1 of the form: (width, height, channels).

2. Encoder - Decoder block: The encoder block is 
formed by convolutional filters of size 3x3 and its 
goal is to extract relevant features of the image, also 
the encoder path reduces the spatial resolution of 
the extracted feature maps applying maxpooling 
operations. On the other hand, the decoder path 
upsamples the features maps and preserves the spa-
tial resolution of the input while also performs con-
volutional operations. By employing the skip con-
nections from the encoder, the decoder layers 
enhance their ability to detect and fine-tune the 
features within the image as explained in [19].

3. Fully connected block: It consists of a flatten 
layer followed by a set of fully connected layers. The 
purpose of this block is to link the features extracted 
by the encoder-decoder block with the shape and 
pose parameters related to the input image. 

4. Output block: Finally at the end of the fully con-
nected block is a regression layer that allows to pre-
dict the desired parameter: rotation, translation, 
scale, or b-vector.

Network Training
Using the pose and shape parameters described above, 
an input vector was constructed for each training 
image Ii  as follows in Equation (3):

𝑉𝑉! = [𝐼𝐼!	𝜃𝜃! , 𝑥𝑥! , 𝑦𝑦! , 𝑠𝑠! , 𝑏𝑏!]     (3) 

Where: 

𝐼𝐼! 	= 	𝑡𝑡ℎ𝑒𝑒	𝑖𝑖 − 𝑡𝑡ℎ	𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒	𝑜𝑜𝑜𝑜	𝑡𝑡ℎ𝑒𝑒	𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖𝑡𝑡𝑖𝑖𝑡𝑡𝑖𝑖	𝑠𝑠𝑒𝑒𝑡𝑡. 

𝜃𝜃!= the i-th rotation value. 

𝑥𝑥! = the i-th x translation value. 

 𝑦𝑦!= the i-th y translation value. 

𝑠𝑠!= the i-th scale value. 

𝑏𝑏!= the i-th deformation vector. 
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The vector Vi then becomes the input of the proposed 
CNN, the intention of training a U-Net architecture is to 
take full advantage of its ability to extract features 
throughout the encoder stage, the idea is then to use 
these features to predict the values of pose and shape 
of the left ventricle, assuming that each LV image cor-
responds to a single contour and these are never the 
same between patients. Also the network loss during 
the training stage is calculated as the RMSE between 
the values of shape and pose predicted by the network 
(as output from the regression layer) and the ground 
truth contained in each training vector Vi through an 
iterative process called: stochastic gradient descent 
(SGD) the network adjusts its weights according to the 
values of the loss trying to decrease it in each iteration, 
the lower the loss the better the prediction of the pose 
and shape values.

Predicted shape reconstruction
Once the network has been trained, it is possible to 

predict the values of θ,Tx,Ty,s and b following the dia-
gram in Figure 2. These values allow reconstructing 
the LV contour corresponding to the input image, first 
by applying b and P to the mean shape        to obtain the 
deformation of the left ventricle (see Equation 2) and 
then by multiplying the resulting shape       by the trans-
formation matrix in Equation 4, thus obtaining the 
reconstructed LV shape (S). Finally, S is placed in the 
input image to obtain the corresponding LV segmenta-
tion.  

𝑆𝑆 = 𝑥𝑥𝑠𝑠 &𝑐𝑐𝑐𝑐𝑠𝑠𝑐𝑐 −𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐
𝑠𝑠𝑠𝑠𝑠𝑠𝑐𝑐 𝑐𝑐𝑐𝑐𝑠𝑠𝑐𝑐 - + [𝑇𝑇𝑥𝑥, 𝑇𝑇𝑇𝑇]  (4) 

Where: 

𝑐𝑐 = 𝑡𝑡ℎ𝑒𝑒	𝑟𝑟𝑐𝑐𝑡𝑡𝑟𝑟𝑡𝑡𝑠𝑠𝑐𝑐𝑠𝑠	𝑝𝑝𝑟𝑟𝑒𝑒𝑝𝑝𝑠𝑠𝑐𝑐𝑡𝑡𝑒𝑒𝑝𝑝	𝑏𝑏𝑇𝑇	𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒. 

𝑠𝑠 = 𝑡𝑡ℎ𝑒𝑒	𝑠𝑠𝑐𝑐𝑟𝑟𝑠𝑠𝑒𝑒	𝑝𝑝𝑟𝑟𝑒𝑒𝑝𝑝𝑠𝑠𝑐𝑐𝑡𝑡𝑒𝑒𝑝𝑝	𝑏𝑏𝑇𝑇	𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒. 

[𝑇𝑇𝑥𝑥, 𝑇𝑇𝑇𝑇] = 𝑡𝑡𝑡𝑡𝑐𝑐 − 𝑐𝑐𝑐𝑐𝑠𝑠𝑐𝑐𝑐𝑐𝑠𝑠	𝑡𝑡𝑟𝑟𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑟𝑟𝑡𝑡𝑠𝑠𝑐𝑐𝑠𝑠 

𝑣𝑣𝑟𝑟𝑠𝑠𝑐𝑐𝑒𝑒𝑠𝑠.  

Validation
To validate the proposed method, we used two mea-

sures:

1. Dice Coefficient: This method allows us to 
determine the area of overlap between the seg-
mentation mask of the expert and the segmenta-
tion mask of our method. A higher overlap area 
corresponds to a higher Dice coefficient value. 
Therefore, the larger the  coefficient value, the 
better the segmentation. This coefficient is within 
the range of 0 to 1.

2. Haussdorff Distance: It measures the distance 
between two sets of points. In this case, it mea-
sures the distance between the contour marked by 
the expert and the contour reconstructed with the 
network values. A smaller Haussdorff distance 
indicates a greater similarity between the two con-
tours.

RESULTS AND DISCUSSION
This section presents how the training and test data-

set were created, the CNN training parameters and 
the segmentation results obtained by the CNN 
reported in this paper. It is also important to mention 
that the data extraction and image preprocessing 
were performed in Python 3.7, while the develop-
ment, training and testing of the proposed network 
were done using MATLAB 2022b.

Training dataset
A set of 800 images (400 systole and 400 diastole) 

were randomly selected from the CAMUS database 
[20], this set includes images of good, regular, and poor 
quality, then, data augmentation modifying rotation, 
translation, scale, brightness, and contrast was 
applied to achieve a total of 4800 training images an 
example of these images is shown in Figure 5.  With 
the use of data augmentation, we managed to attain 
greater diversity in the training set and, consequently, 
enhance the generalization achieved by the network.

(𝑥𝑥") 
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Test dataset
The test set used to evaluate our method was divided 

into 2 parts: the first consists of 98 images from the 
CAMUS database, comprising 49 systole images and 49 
diastole images (hold-out set). The second part consists 
of non-training images from the EchoNet-dynamic 
database [21], these images were extracted from .AVI 
videos at the end of the systolic and diastolic cycles. 
The task was done by Cervantes – Guzmán in [24]. The 
above-mentioned images were subsequently anno-
tated by an expert and the segmentation masks were 
obtained. The total number of systole images is 207, 
while for diastole, it is 211. It is worth noting that the 
resolution of the images from the EchoNet-dynamic 
database is 112x112 pixels, so they were scaled to 
256x256, the resolution at which the proposed network 
is trained.

FIGURE 4. Proposed U-Net architecture.

FIGURE 5. Examples of good, regular and bad quality images 
from the CAMUS database.

CNN training parameters
The training parameters for the CNN were defined as 

follows:  

• Training Images = 4560 images.
• Validation images = 240 images.
• Number of epochs = 20.
• Learning rate = 0.0001.
• Batch size = 32.
• Encoder depth = 3.
• Start filters = 64.

A batch size of 32 images is generally manageable on 
most modern GPUs, ensuring efficient use of hardware 
resources without causing memory issues. Additionally, 
this batch size introduces a moderate amount of noise 
in the gradient updates, providing some regularization 
effects without being too small. Empirical tests were 
conducted, and the training time was found to be 
acceptable, with the model converging effectively 
without overfitting. Additionally, the mean squared 
error (RMSE) was used as the loss function since the 
final layer of the network is a linear regression layer. 
Therefore, the RMSE tends to penalize larger errors 
more significantly, leading to better weight adjust-
ments in the network compared to accuracy. The aver-
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age RSME in the training stage was: 9.86.

This architecture was implemented on a PC with 32 
GB of RAM, GPU NVIDIA Tesla K40c and a NVIDIA 
Tesla T4 working in parallel into an Ubuntu server 
environment.

PDM training parameters
• Training Images = 4800 images.
• Number of landmarks per example = 64.
• Explained variance = 0.9.

These parameters were selected as follows, the num-
ber of landmarks (64) are a good point density number 
and can represent the LV contour with good quality as 
depicted in Figure 6; normally the explained variance 
as proved in [9] is about 90 %, thus characterizing the 
most significant shape information provided by the 
PCA. Finally, the training set was the same as the one 
selected for the CNN training.

FIGURE 6. Example of landmarks sampled in the LV training 
images.

FIGURE 7. Systole CNN LV shape segmentations (red) vs. 
ground truth (green) for CAMUS database.

FIGURE 8. Diastole CNN LV shape segmentations (red) vs. 
ground truth (green) for CAMUS database.

Segmentation results
In this section, we present the results obtained by our 

method on the test dataset. In Figures 7 and 8, are 
shown examples of image segmentation results for the 
CAMUS database during systole and diastole. Figures 9 
and 10 illustrate the segmentation for both phases 
using images from the EchoNet Dynamic database. 
Additionally, Table 1 displays the average Dice coeffi-
cients for both test sets. Subsequently, Table 2 com-
pares our method against others described in [20] and 
[22]. The average Dice value in this table represents the 
average obtained from the CNN on the CAMUS dataset 

only. Furthermore, we decided to categorize the 
obtained segmentations based on their Dice coefficient 
into three categories: good, regular, and bad. The 
threshold used for this categorization is shown in Table 
3. Meanwhile, in Figure 11a and 11b, the median for 
each category is observed for systole images from the 
CAMUS and EchoNet-Dynamic databases. Figures 11c 
and 11d display the median for each category for dias-
tole images in the mentioned databases.



148 REVISTA MEXICANA DE INGENIERÍA BIOMÉDICA VOL. 44 | NO. 4 | SPECIAL ISSUE 2O23 

FIGURE 9. Systole CNN LV shape segmentations (red) vs. 
ground truth (green) for EchoNet-dynamic database.

TABLE 1. Mean Haussdorff distance and mean Dice results for CAMUS and EchoNet-dynamic database

TABLE 2. Comparison between the proposed U-Net versus other shape-based LV segmentation works

TABLE 3. Category classification by Dice coefficient

FIGURE 10. Diastole CNN LV shape segmentations (red) vs. 
ground truth (green) for EchoNet-dynamic database.

 

 

 CAMUS database EchoNet-dynamic database 
Metric Systole Diastole Systole Diastole 

Haussdorff distance (px) 25.92 37.55 28.95 31.20 

Dice coefficient 0.71 0.66 0.64 0.65 
Revista Mexicana de Ingeniería Biomédica 

  

 

 

Method Mean Dice coefficient systole Mean Dice coefficient diastole 
BEASM-SEMI [20] 0.86 0.92 

BEASM-FULLY [20] 0.82 0.87 
ASM [22] 0.82 0.81 

FMR-ASM [22] 0.83 0.80 
Proposed U-Net 0.71 0.66 

Revista Mexicana de Ingeniería Biomédica 

  

 

 

Category Threshold 
Good Dice coefficient > = 0.80 

Regular 0.70 < = Dice coefficient < = 0.79 
Bad Dice coefficient < = 0.69 

Results analysis
In this section, we discuss the results presented in the 

previous section. The first point to address is the per-
formance of our U-Net, both for the CAMUS database it 
was trained on and the EchoNet-dynamic database, 
which contains completely new images for the network 

to segment. As observed in Figures 11a – 11d, the per-
formance is very similar, which suggests that there is 
no significant overfitting due to data augmentation. 
We can also understand that the performance of the 
"good" category is competent in both cases (CAMUS 
and EchoNet-dynamic) with respect to the results pre-
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sented in [20]. On the other hand, in Figures 7 to 10, it is 
evident that all segmentations produced by our method 
show shape characteristics very similar to those of the 
left ventricle (LV). They exhibit smoothed shapes 
located on the correct side of the image, with scale and 
rotation close to the expert annotation. Even in the 
case of poor segmentations (see Figure 12), the obtained 
contours preserve the shape qualities of the left ventri-
cle. This is the effect achieved by the statistical shape 
constraint arising from training the network with 
parameters derived from a PDM of the LV. This rep-
resents an advantage over convolutional networks 
based on semantic segmentation, which, when they 
fail, produce classification errors like the one shown in 
Figure 1. Such misclassifications are challenging to 
correct since contour extraction yields noisy shapes 

and sometimes contours are located far from the LV, a 
situation in which our method proves to be more 
robust. Another point to consider, which impacts our 
method, is the quality of the images. If ultrasound 
already poses a significant challenge due to speckle 
noise, the images acquired in both databases are not of 
the highest quality. This affects the segmentations 
obtained by our method and makes it difficult to find 
the optimal features corresponding to the pose and 
shape values during the network training hence the 
low Dice average in the tests performed. However, 
unlike semantic segmentation, these segmentations 
can be corrected by some other method that performs 
a LV contour fine-tuning. 

FIGURE 11. Median of each category for systole (11a, 11b) and diastole segmentations (11c, 11d) in CAMUS and EchoNet-dynamic 
database.
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FIGURE 12. Diastole CNN LV shape segmentations (red) vs. 
ground truth (green) for EchoNet-dynamic database.

CONCLUSIONS
In this paper we presented an alternative way to the 

use of CNNs for LV shape and pose parameter predic-
tion, taking advantage of convolution layers to find 
features extracted from the ultrasound image, result-
ing in segmentations with statistically valid shapes as 
the network is trained with the shape parameters of a 
PDM.  Although, currently, the overall segmentation 
accuracy is not high, when high quality images are 
selected the accuracy of our method compares favor-
ably to other previously published work. Our method 
avoids the appearance of blobs, and the fact that the 
segmentation is always a statistically valid shape allows 
it to be used as an initialization mechanism for another 
method to perform an adjustment and improve the 
segmentation starting from a smoothed shape and not 
from a noisy shape and in some cases far from the ven-
tricle, as it would be the case with the extraction of the 
contour of a semantic segmentation CNN. In conclu-
sion, this method explores the possibility of generating 
segmentations with statistical shape restrictions using 
the power of CNNs and can also be used as an auto-
matic initialization method to later fine tune the pre-
dicted LV segmentation.
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RESUMEN 
El objetivo de esta investigación es evaluar la calidad de agentes conversacionales basados en Modelos de Lenguaje 
Grandes, para la evaluación de aplicación de conocimiento en Ingeniería Biomédica. Se desarrolló un instrumento 
de evaluación sobre seis temas de medición de señales bioeléctricas elaborado por un agente humano y los agentes 
conversacionales Chat-GPT y Bard. Se evaluó la calidad del instrumento en términos de nivel de pensamiento, 
validez, relevancia, claridad, dificultad y capacidad de discriminación, mediante índice kappa (k) del acuerdo 
de dos expertos y análisis Rasch de resultados de treinta y ocho estudiantes. Tras eliminar siete preguntas de los 
agentes conversacionales por problemas de validez y originalidad se integró un instrumento de seis preguntas. Las 
preguntas fueron válidas y relevantes, claras (>0.95, k=1.0), con dificultad baja a alta (0.61-0.87, k=0.83), índice de 
discriminación adecuado (0.11-0.47), a nivel de pensamiento de análisis (k=0.22). El promedio de los estudiantes 
fue de 7.24±2.40. Este es el primer análisis crítico de la calidad de los agentes conversacionales a un nivel de 
pensamiento superior al de comprensión. Los agentes conversacionales presentaron limitaciones en términos de 
validez, originalidad, dificultad y discriminación en comparación con el experto humano lo que resalta la necesidad 
aún de su supervisión. 
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ABSTRACT 
This research aims to evaluate the quality of conversational agents based on Large Language Models for evaluating 
the application of knowledge in Biomedical Engineering. An evaluation instrument was developed on six topics 
for measuring bioelectrical signals prepared by a human agent and the conversational agents Chat-GPT and Bard. 
The quality of the instrument was evaluated in terms of level of thinking, validity, relevance, clarity, difficulty, and 
discrimination capacity, using the kappa (k) index of the agreement of two experts and Rasch analysis of results 
from thirty-eight students. After eliminating seven questions from the conversational agents due to validity and 
originality problems, a 6-question instrument was integrated. The questions were valid and relevant, clear (>0.95, 
k=1.0), with low to high difficulty (0.61-0.87, k=0.83), adequate discrimination index (0.11-0.47), at the analysis 
level of thinking (k =0.22). The average score of the students was 7.24±2.40. This is the first critical analysis of 
the quality of conversational agents at a level of thinking higher than comprehension. The conversational agents 
presented limitations in terms of validity, originality, difficulty, and discrimination compared to the human expert, 
which highlights the need for their supervision.
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INTRODUCCIÓN
Los avances recientes en inteligencia artificial (IA) y 

Modelos de Lenguaje Grandes (LLMs, por sus siglas en 
inglés) [1], están permitiendo desarrollar agentes con-
versacionales capaces de asistir al humano en tareas 
que requieren de conocimiento especializado. Ejemplos 
de estos agentes son los modelos de lenguaje ChatGPT 
y Bard [2], reemplazado por Gemini en diciembre del 
2023, que están siendo altamente adoptados para apo-
yar actividades de educación, investigación y la prác-
tica de las Ciencias Médicas [3].  

Dado que los modelos de lenguaje de estos agentes 
fueron generados mediante un entrenamiento con una 
gran cantidad de datos, son capaces de generar res-
puestas coherentes, pero no necesariamente con un 
alto grado de precisión para todos los dominios de apli-
cación. Por lo anterior, es importante evaluar su desem-
peño para asistir en tareas académicas en el ámbito de 
la Ingeniería Biomédica. Lo anterior ayudaría a estable-
cer sus alcances y limitaciones para integrarlos a la 
práctica docente en este campo, y, por otro lado, permi-
tiría identificar oportunidades para mejorar su desem-
peño. En este artículo presentamos un procedimiento 
novedoso para evaluar la calidad de preguntas genera-
das a través de los modelos de lenguaje ChatGPT y 
Bard, que conformaron un instrumento de evaluación 
de 6 preguntas, y que fue aplicado a estudiantes de la 
carrera de Ingeniería Biomédica.  

Modelos de Lenguaje 
Los LLMs han permitido generar agentes que propor-

cionan un estilo de interacción conversacional, similar 
al de las personas [4][5] además de que no limitan su res-
puesta a dominios específicos de conocimiento. 

Un modelo de lenguaje o LLM, tal como el de los agen-
tes ChatGPT y Bard, resultan de pre-entrenar una red 
neuronal con una gran cantidad de datos públicos [6][7][8]. 
El modelo resultante es una función matemática que 
representa la distribución de probabilidad de secuencias 
de palabras. Entonces, dada una secuencia de palabras, 

los modelos de lenguaje de estos agentes, generan el 
siguiente token de palabra dependiendo de la probabi-
lidad estimada para las palabras anteriores. Este meca-
nismo subyacente de los LLMs de predecir la siguiente 
palabra es uno de los factores importantes que explican 
por qué los agentes basados en LLMs pueden generar 
respuestas diferentes para la misma pregunta, que sue-
nan plausibles, pero que, además, podrían contener 
errores fácticos [6]. Tales modelos son perfeccionados 
mediante un proceso conocido como aprendizaje por 
refuerzo a partir de la retroalimentación humana 
(RLHF), que consiste en entrenadores de IA humanos 
que brindan recompensas al modelo para ayudarlo a 
corregir sus errores [6][7][8].

Adopción de los Modelos de Lenguaje
El ChatGPT (del inglés, “Generative Pre-trained 

Transformer”), fue lanzado por el laboratorio de inves-
tigación de inteligencia artificial, OpenAI, en noviem-
bre de 2022. Tal evento incrementó rápidamente el 
interés de la sociedad por la Inteligencia Artificial ya 
que el volumen de tráfico en el Internet por buscar la 
palabra “IA” y “ChatGPT” se triplicó, pasando de 7.9 
millones de búsquedas en noviembre del 2022 a más de 
30.4 millones a principios del 2023 [9]. La adopción del 
ChatGPT ha sido principalmente por la población adulta 
joven de 18 a 44 años [10], lo que incluye estudiantes. 
Por ejemplo, dentro de la enseñanza en el área del cui-
dado de la salud, se ha propuesto su uso para mejorar el 
aprendizaje personalizado como tutor mediante la 
resolución de dudas, y elaboración de resúmenes [3][11]. 
Recientemente, en marzo del 2023, Google lanzó el 
agente conversacional Bard, considerado el competidor 
directo de ChatGPT. Aun con el poco tiempo que tiene 
disponible para accederse por los usuarios, se puede 
identificar el interés por estudiar su utilidad en el 
campo de la salud [12]. Este interés radica principal-
mente, por sus similitudes en las tecnologías de IA que 
utilizan, pero son modelos que resultaron de un entre-
namiento con diferentes fuentes de datos públicos, 
pero de diferentes tamaños. El modelo de ChatGPT fue 
entrenado en 2021 con una fuente de datos de texto 
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masiva, mayor que la usada para entrenar el modelo de 
Bard, mientras que Bard fue entrenado con datos 
recientes obtenidos exclusivamente de la Web y es 
capaz de buscar respuestas en Internet en tiempo real.

El interés en estos agentes conversacionales incluye 
consultarles sobre temas especializados del mundo 
académico para facilitar el proceso de enseñanza-apren-
dizaje [3][12][13], ya que son capaces de dialogar de forma 
escrita, dando respuestas que potencialmente son con-
sistentes y contextualmente apropiadas a las preguntas 
del usuario. Sin embargo, es necesario tener en cuenta 
que estas herramientas no pueden interpretar ni com-
prender a profundidad el contenido de un diálogo, por 
lo que podrían generar información incorrecta [14]. Un 
problema reconocido de la tecnología LLM es su tenden-
cia a producir información que no se basa en sus datos de 
entrenamiento, conocida como "alucinación" [15]. En 
consecuencia, la información que generan podría erró-
neamente percibirse como confiable por lectores no 
especializados, tal como estudiantes.

Trabajos previos 
Para utilizar de forma confiable a los agentes conver-

sacionales basados en LLMs, se han formulado guías 
para integrarlos a la educación superior, que sugieren 
verificar los hechos o conocimiento que proporcionan, 
utilizar tal conocimiento con un juicio crítico, verifi-
cando fuentes alternas de información [16]. Otros estu-
dios, han evaluado su utilidad para asistir en activida-
des y áreas académicas específicas. En esta dirección, 
algunos estudios han evaluado el desempeño del 
ChatGPT para responder preguntas de exámenes pro-
fesionales de diversas especialidades, tal como el exa-
men de la Barra de Abogados de EE. UU [17][18] y de 
Licencia Médica de EE. UU. (USMLE) [19][20] con una 
exactitud superior al 57.6 %. Por otro lado, los resulta-
dos en términos de la precisión de ChatGPT puede 
variar entre disciplinas o temas de una misma disci-
plina. Por ejemplo, mientras que el ChatGPT resultó 
eficaz para responder preguntas de conocimiento de 
primer y segundo orden sobre microbiología con una 

precisión del 80% [4], su rendimiento para responder 
preguntas clínicas en el campo de la enfermedad glo-
merular es deficiente (<=60 %)[21]. Lo anterior puede 
deberse a que los datos de entrenamiento para generar 
el modelo ChatGPT carecieron de datos ejemplos sufi-
cientes en esos temas [3].

Algunos estudios han investigado el uso de agentes 
conversacionales basados en LLM para generar instru-
mentos de evaluación, ver Tabla 1. Cheung utilizó 
ChatGPT Plus para generar 50 preguntas de opción 
múltiple sobre temas de posgrado de medicina interna 
y cirugía [22]. Su estudio evaluó la idoneidad, claridad, 
especificidad, relevancia y poder discriminativo de las 
preguntas, comparándolas con 50 preguntas genera-
das por expertos humanos. Los resultados mostraron 
que ChatGPT Plus generó preguntas con calidad com-
parable a las del experto humano [22]. Kumar usó 
ChatGPT para generar seis preguntas de opción múlti-
ple sobre otosclerosis para evaluar diferentes niveles 
de aprendizaje con diferentes grados de dificultad, 
pero sin realizar una evaluación formal [23]. Elkins uti-
lizó InstructGPT para generar 612 preguntas abiertas 
de nivel secundaria sobre temas de biología y aprendi-
zaje automático, utilizando la taxonomía de Bloom 
para evaluar diferentes niveles de aprendizaje [24]. 
Once expertos evaluaron la calidad de las preguntas 
en términos de relevancia, gramática y utilidad, con 
resultados favorables [24]. Yuan utilizó GPT-3 para 
crear cinco preguntas abiertas para estudiantes de pri-
maria y secundaria sobre diversos temas [25]. Su obje-
tivo era evaluar un método para seleccionar preguntas 
de calidad entre un conjunto de preguntas generadas 
con IA. Se realizó evaluación automática contra pre-
guntas de referencia y evaluación por 87 expertos 
demostrando la eficacia de su método [25]. Finalmente, 
Xiao utilizó ChatGPT y GPT-2 para realizar 20 pregun-
tas de opción múltiple sobre inglés nivel secundaria 
[26]. Se realizó evaluación automática y por 373 estu-
diantes. Sus resultados indicaron que el material 
generado por IA puede superar en calidad al material 
escrito por humanos [26].
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Este trabajo considera que agentes conversacionales, 
como ChatGPT y Bard, son una poderosa herramienta 
para simplificar y mejorar la eficiencia de tareas de los 
educadores, como las relacionadas con resumir y tra-
ducir información [13], organizar y generar material y 
corregir textos [27][3]. Sin embargo, no hay evidencia de 
su desempeño para generar exámenes de conoci-
miento en temas de Ingeniería Biomédica. 
Consecuentemente, es importante determinar cuáles 
son las limitaciones y posibles sesgos de utilizar agen-
tes conversacionales basados en LLMs para apoyar 
tales tareas académicas. Sin embargo, las investigacio-
nes son escasas y limitadas a dominios educativos más 
generales que requieren niveles de pensamiento bási-
cos para su resolución, tal como usar los LLMs para 
generar exámenes sobre la comprensión de textos [28]. 
La adquisición de conocimiento puede evaluarse a 
diferentes niveles, desde recordar y comprender hasta 
evaluar y crear de acuerdo con la taxonomía de Bloom 
[29]. Aquí nos enfocamos en la aplicación de conoci-
miento que se encuentra en un nivel superior a los 
estudios previos. Evaluar la aplicación de conoci-
miento de los estudiantes permite evaluar su capaci-
dad no solo de comprender información sino de usar 
el conocimiento aprendido en situaciones nuevas [29]. 
Este nivel de aprendizaje es fundamental para garanti-
zar que los estudiantes podrán utilizar su conoci-
miento para la solución de problemas reales. Lo ante-
rior, nos motivó a realizar esta investigación con el 
siguiente propósito.

Objetivo 
El objetivo de esta investigación fue analizar la cali-

dad de ChatGPT y Bard para crear instrumentos de 
evaluación en temas de la Ingeniería Biomédica. 
Debido a las limitaciones de la tecnología LLM, en este 
trabajo se utiliza un enfoque crítico para evaluar y 
comparar la calidad en términos de validez, relevan-
cia, claridad, dificultad y capacidad de discriminación 
de las preguntas generadas por los agentes conversa-
cionales para la evaluación de aplicación de cono-
cimiento sobre medición de señales bioeléctricas en 

comparación con las de un experto humano.

MATERIALES Y MÉTODOS

Desarrollo del Instrumento de Evaluación
Un experto humano (agente E) y dos agentes conver-

sacionales (agentes B y C) generaron seis potenciales 
preguntas cada quién para integrar un instrumento de 
evaluación para estudiantes de octavo semestre de 
ingeniería biomédica al final de un curso sobre medi-
ciones biomédicas impartido por el agente E. Previo a 
la generación de todas las preguntas, el agente E 
definió que el instrumento de evaluación estuviera 
integrado por preguntas de forma equitativa tanto de 
agentes como de temas a un nivel de aplicación de con-
ocimiento dentro de la taxonomía de Bloom [29]. Los 
temas evaluados fueron electrocardiografía, electro-
miografía, electroencefalografía, electro-oculografía, 
electrorretinografía y magneto cardiografía. 

El agente E utilizó Bard como agente B y ChatGPT-3 
como agente C debido a que Bard y ChatGPT-3 son los 
dos agentes más utilizados en mayo de 2023 con 
acceso gratuito, facilitando su uso para esta investi-
gación y la generalización de nuestros resultados. Bard 
y ChatGPT-3 son agentes ampliamente investigados, 
con buena reputación, y capacidades comparables 
debido a la similitud de sus tecnologías. 
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FIGURA 1.  Ejemplo de un mensaje de ChatGPT-3 para 
generar preguntas a nivel de aplicación sobre la interfaz 

electrodo-electrolito en señales bioeléctricas.
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Dominio / 
Artículo Cheung 2023[22] Kumar 

2023[23] Elkins 2023[24] Yuan 2023[25] Xiao 2023[26] 

Modelo de 
Grandes 

Lenguajes 
ChatGPT plus ChatGPT InstructGPT 

 GPT-3 ChatGPT y GPT-2 

Tipo de 
preguntas Opción múltiple Opción 

múltiple Abiertas Abiertas Opción múltiple 

Número de 
preguntas 

50 generadas por 
IA y 50 por dos 
expertos humanos 

6 preguntas 
generadas por 
IA 

612 preguntas 
generadas por IA 
 

5 preguntas 20 preguntas 

Nivel y 
disciplina 

Posgrado en 
Medicina Medicina secundaria Nivel primaria y 

secundaria 
Inglés nivel 
secundaria 

Temas 
específicos 

Medicina interna y 
cirugía Otoesclerosis Machine Learning 

y Biología 

Temás diversos y 
de literatura 
infantil 

Inglés 

Nivel de 
aprendizaje 
evaluado 

No especificado 

Memoria, 
comprensión, 
afectivo y 
diferente nivel 
de dificultad. 

Recordar, 
comprender, 
aplicar, analizar, 
evaluar y crear 
según taxonomía de 
Bloom en niveles 
principiantes, 
intermedios y 
avanzados 

Comprensión de 
lectura 

Comprensión de 
lectura 

Evaluación 

Comparación IA 
contra experto 
humano por cinco 
expertos mediante 
un formulario 
estandarizado sobre 
los siguientes 
dominios: 
Idoneidad, claridad 
y especificidad, 
relevancia, poder 
discriminativo, 
idoneidad para 
posgrado 
 

Ninguna 

Evaluación por 11 
expertos sobre 
relevancia, 
gramática, 
responsabilidad, 
adherencia y 
utilidad 
 

Evaluación 
automática contra 
referencias en 
términos de 
similitud y 
equivalencia 
semántica. 
Evaluación por 87 
expertos de 
corrección 
gramatical, 
ofensividad, 
claridad, 
relevancia, 
importancia, 
especificidad, y 
capacidad de 
respuesta 

Evaluación 
automática de 
diversidad y 
legibilidad. 
Evaluación por 
373 estudiantes de 
legibilidad, 
corrección, 
coherencia, 
compromiso, 
calidad general, 
calidad relativa, 
probabilidad de 
generación por IA, 
coherencia 
temática, 
idoneidad, 
coincidencia de 
contenido, 
utilidad, 
idoneidad, 
similitud, 

Resultados 

La IA puede 
generar preguntas 
de posgrado en 
medicina con 
calidad comparable 
a las de un experto. 
La relevancia de las 
preguntas de la IA 
fue menor (p = 
0.04). 

La IA puede 
generar 
preguntas de 
opción múltiple 
con diferentes 
niveles de 
aprendizaje, y 
niveles de 
dificultad. 

Las preguntas 
generadas con IA 
son de alta calidad 
(>67 %, k Cohen 
>0.53) en términos 
de relevancia, 
gramática, 
responsabilidad, 
adherencia, y 
suficientemente 
útiles. 
 

Se demostró la 
efectividad del 
método para 
seleccionar 
preguntas de alta 
calidad entre las 
generadas por la 
IA. 

El material 
generado por IA 
puede superar la 
calidad del 
material escrito 
por humanos. 

 

TABLA 1. Trabajos previos sobre LLMs para generación de instrumentos de evaluación de conocimiento.
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forma de aprendizaje Moodle para crear el banco de 
preguntas del instrumento. Se reclutó a todos los estu-
diantes (es decir, 39) del último año de Ingeniería 
Biomédica de la Universidad, hispanohablantes que 
tomaron el curso sobre Mediciones Biomédicas. Sólo 
un estudiante no aceptó participar, quedando treinta y 
ocho participantes que dieron su consentimiento para 
utilizar sus resultados. Estos participantes accedieron a 
la plataforma para contestar el examen en línea al 
mismo tiempo y desde las instalaciones de la 
Universidad. El instrumento fue configurado para que 
cada pregunta se presentara de forma individual y 
secuencial acompañada de una pregunta dicotómica 
para que los estudiantes calificaran la claridad de las 
preguntas. El tiempo máximo para la resolución del 
instrumento de evaluación fue de 2 minutos por pre-
gunta. 

Análisis de Estadístico
Se realizó estadística descriptiva general de los resulta-
dos obtenidos de los participantes. Se estimó la consis-
tencia entre los evaluadores utilizando el índice kappa 
de Fleiss (k), ver ecuación (1).

Como se mencionó ambos fueron entrenados con un 
conjunto de datos público masivo, ambos tienen 
capacidad para escribir contenido y responder pregun-
tas. Estos dos agentes fueron elegidos debido a su rep-
resentatividad en la generación de lenguaje natural 
con el objetivo de simplificar el proceso de compara-
ción y hacerlo manejable para realizar un análisis pro-
fundo y detallado tomando en consideración limita-
ciones de tiempo y presupuesto. En la Figura 1 se 
muestra un ejemplo de solicitud para que ChatGPT-3 
genere sus preguntas a nivel de aplicación de cono-
cimiento sobre los temas seleccionados. Se realizó una 
solicitud similar para Bard.

El agente E analizó la calidad de cada pregunta para 
seleccionar aquellas que pudieran integrar el instru-
mento de evaluación de final respectando el principio 
de equidad y en orden aleatorio. 

Aplicación y Evaluación del Instrumento
Posteriormente un grupo de expertos evaluaron atribu-
tos de calidad de las seis preguntas respecto a claridad, 
validez, nivel de pensamiento de acuerdo con la 
Taxonomía de Bloom, dificultad, validez y relevancia. 
Este grupo de expertos estaba compuesto por el agente 
E y dos expertos adicionales con al menos cinco años de 
experiencia docente en los temas del curso. Para reali-
zar esta evaluación utilizaron un formulario estandari-
zado en Word. El formulario contenía una explicación 
de apoyo para cada atributo a evaluar. La claridad, 
relevancia y validez de las preguntas se evaluaron 
mediante una variable dicotómica (sí/no). Además, cla-
sificaron cada pregunta en un nivel de pensamiento 
(aplicación, análisis o evaluación) y especificaron un 
grado de dificultad (es decir, bajo, medio o alto). La 
claridad, validez, nivel de pensamiento, dificultad, 
validez y relevancia se evaluaron midiendo la consis-
tencia en las respuestas de los expertos humanos a 
estos aspectos. 

El instrumento de evaluación se tradujo y aplicó en 
español. Las preguntas fueron registradas en la plata-

𝑘𝑘 = 𝑃𝑃𝑜𝑜 − 𝑃𝑃𝑒𝑒
1 − 𝑃𝑃𝑒𝑒

 (1)

Donde Po es la proporción observada de acuerdo entre 
los evaluadores y Pe es la proporción esperada de 
acuerdo debido al azar. Para cada pregunta se calcula-
ron índices de dificultad y discriminación. La claridad 
evaluada por los estudiantes (c) se calculó como la pro-
porción de estudiantes (x) que consideraron clara la 
pregunta, ver ecuación (2).

𝑐𝑐 = 𝑛𝑛
𝑁𝑁 

(2)

Donde N es el número total de respuestas. 

Para evaluar el índice de discriminación, la muestra de 
estudiantes se dividió en tres grupos equitativos (33 %) 



159Alberto Isaac Pérez-Sanpabloz et al. Evaluación de la Calidad de los Agentes Conversacionales para la Creación de Instrumentos de Medición de Señales Bioeléctricas

en función de su desempeño para comparar los resulta-
dos entre el grupo con mayor y menor desempeño. Se 
realizó un análisis Rasch con el software gratuito Jamovi 
[30], ver ecuación (3). 

Donde P es la probabilidad de que un individuo n res-
ponda correctamente la pregunta i, di es la dificultad de 
la pregunta i y hn es la habilidad del individuo n. 

Esto se utilizó para calcular el valor p para el ajuste del 
modelo, la matriz de correlación de todas las preguntas 
del examen y el mapa de habilidades de Wright, ver 
ecuación (4). 

𝑃𝑃(𝑋𝑋𝑛𝑛𝑛𝑛 = 1) = 𝑒𝑒(𝑑𝑑𝑖𝑖−ℎ𝑛𝑛)
1 + 𝑒𝑒(𝑑𝑑𝑖𝑖−ℎ𝑛𝑛) 

(3)

Las asociaciones error-claridad y agente generador 
con dificultad y claridad se evaluaron mediante Chi-
cuadrado. Las diferencias entre agentes en cuanto a 
claridad, dificultad y discriminación se analizaron 
mediante pruebas de Kruskal Wallis (H), ver ecuación 
(5).

𝑑𝑑𝑖𝑖 − ℎ𝑛𝑛 = 𝑙𝑙𝑙𝑙 ( 𝑃𝑃(𝑋𝑋𝑛𝑛𝑖𝑖 = 1)
1 − 𝑃𝑃(𝑋𝑋𝑛𝑛𝑖𝑖 = 1)) 

(4)

expertos mostraron un acuerdo perfecto calificando las 
seis preguntas del instrumento de evaluación como 
claras, así como válidas y relevantes. Los expertos mos-
traron un acuerdo razonable (kappa=0.22) y casi per-
fecto (kappa=0.83) en cuanto a su asignación de nivel 
de pensamiento y dificultad de las preguntas del instru-
mento de evaluación, ver Tabla 2. De forma general el 
instrumento integró dos preguntas de cada uno de los 
tres niveles de dificultad.  La mayoría de las preguntas 
fueron interpretadas como preguntas de análisis de 
acuerdo con los expertos a excepción de la pregunta 
dos que fue considerada como de aplicación por dos 
expertos. Así, el agente E fue el único en generar una 
pregunta de acuerdo con el nivel de pensamiento 
deseado. La calificación promedio obtenida fue de 
7.24, con una desviación estándar de 2.40, en un rango 
de puntuación total de 1.67 a 10 puntos. 

𝐻𝐻 = 12
𝑁𝑁(𝑁𝑁 + 1)∑

𝑅𝑅𝑗𝑗2
𝑛𝑛𝑗𝑗
− 3(𝑁𝑁 + 1) 

(5)

Donde N es el número total de observaciones, Rj es la 
suma de rangos del grupo j y nj es el tamaño del grupo.

RESULTADOS Y DISCUSIÓN
El agente E eliminó cuatro preguntas generadas por el 

agente C por problemas de validez y tres preguntas del 
agente B por problemas de repetición. De esta forma, se 
seleccionaron dos preguntas por agente, utilizando las 
preguntas del agente E necesarias para completar la 
evaluación de los seis temas propuestos respetando el 
principio de equidad. El diseño del instrumento de eva-
luación final según los agentes quedó BECBCE. Los 

           

Pregunta Agente 

Nivel de 
pensamiento Dificultad 

E E1 E2 E E1 E2 
Q1 B 2 2 2 m m m 
Q2 E 1 3 1 m a m 
Q3 C 2 2 2 a a a 
Q4 B 2 2 2 b b b 
Q5 C 1 2 2 b b b 
Q6 E 1 2 2 a a a 

 

TABLA 2. Análisis de expertos de las preguntas del 
instrumento de evaluación. 

El análisis de Rasch reveló un valor p para el ajuste del 
modelo de 0.272. La matriz de correlación no mostró 
correlaciones fuertes entre preguntas, ver Tabla 3. La 
correlación más alta (r=-0.37) se encontró entre las pre-
guntas Q1, Q5 y Q6 que corresponden a preguntas de 
electrocardiografía, electroretinografía y magnetocar-
diografía de tres agentes diferentes.

E: agente E, E1: evaluador 1, E2: evaluador 2. Para nivel de 
pensamiento: 1 = aplicación, 2 = análisis, 3 = evaluación. Para 
dificultad: b = baja, m = media, a = alta.
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 Q1 Q2 Q3 Q4 Q5 

Q2 -0.26 -    
Q3 -0.15 -0.27 -   
Q4 0.16 -0.22 0.08 -  
Q5 -0.37 0.19 -0.14 -0.27 - 
Q6 -0.37 0.28 0.06 -0.13 -0.07 

 

TABLA 3. Matriz de correlación del análisis Rasch de 
preguntas del instrumento de evaluacióninstrumento de 

evaluación. 

la que también presentó el menor índice de discrimina-
ción (0.37).

TABLA 4. Índice de dificultad y discriminación de las 
preguntas del instrumento de evaluación. 

Pregunta Claridad Índice de 
dificultad 

Índice de 
discriminación 

Q1 1.00 0.74 0.21 
Q2 0.97 0.61 0.47 
Q3 0.95 0.66 0.37 
Q4 1.00 0.74 0.32 
Q5 0.92 0.87 0.11 
Q6 0.97 0.74 0.37 

 

Las preguntas del instrumento presentaron un índice 
de dificultad promedio de 0.72, con una desviación 
estándar de 0.09, ver Tabla 4. De acuerdo con este 
índice, la mayoría de las preguntas (N=4) pueden ser 
consideradas fáciles con un índice de dificultad >0.7. 
Sin embargo, no siempre el índice de dificultad calcu-
lado en base a la respuesta de los alumnos correspondió 
con la calificación de dificultad asignada por los exper-
tos. Por ejemplo, mientras que las pregunta Q6 califi-
cada como de alta dificultad por los expertos obtuvo 
uno de los menores índices de dificultad (0.74).

Los estudiantes asignaron una puntuación de claridad 
a las preguntas en promedio de 97 % con una desvia-
ción estándar de 3 %, ver Tabla 4. Dos preguntas obtu-
vieron una calificación perfecta de claridad correspon-
dientes a las preguntas sobre temas de electrocardio-
grafía y electro oculografía generadas por el agente B.

En la evaluación del índice de discriminación, el grupo 
de estudiantes con el peor desempeño estuvo confor-
mado por 12 estudiantes que obtuvieron un puntaje 
menor o igual a 5.00 (32 %), mientras que el grupo con 
el mejor desempeño por 11 estudiantes (29 %) que 
obtuvieron una calificación de 10. La pregunta con el 
índice de dificultad mínimo (0.87) fue generada por el 
agente C, mientras que la de mayor índice de dificultad 
fue generada por el agente E. El índice de discrimina-
ción promedio fue de 0.31 con una desviación estándar 
de 0.13. Cinco preguntas (83 %) presentaron un índice 
de discriminación adecuado (> 0.2). La pregunta con 
menor índice de dificultad generada por el agente C fue 

El mapa de competencias de Wright del análisis Rasch 
mostró una distribución de competencias de los estu-
diantes con mayor agrupación por debajo de la media y 
dos estudiantes sobresalientes, ver Figura 2. El mapa 
de Wright también mostro una distribución de dificul-
tad de las preguntas con mayor agrupación por encima 
de la media, con un efecto de techo debido a los once 
estudiantes que obtuvieron un puntaje perfecto. 
También se observó redundancia en las preguntas Q1, 
Q4 y Q6 que corresponden a los temas de electrocardio-
grafía, electro-oculografía y magneto cardiografía. Dos 
de estas preguntas fueron generadas por el agente B y 
una por el agente E. 

No se encontraron asociaciones significativas (p>0.06) 
error-claridad, ni agente generador con la dificultad y 
claridad. No se encontraron diferencias estadística-
mente significativas (p>0.08) por agentes en claridad, 
dificultad y discriminación mediante pruebas de 
Kruskal Wallis. No se utilizaron pruebas paramétricas 
debido al número reducido de preguntas que fueron 
incluidas en el instrumento de evaluación final. La ver-
sión final del instrumento de evaluación se muestra en 
la Tabla 5. Este es el primer trabajo que evalúa mediante 
un análisis crítico la calidad de los agentes conversacio-
nales en la evaluación de temas relacionados con medi-
ciones biomédicas.
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FIGURA 2.  Mapa de Wrigth de análisis Rasch del instrumento 
de evaluación

Esto es particularmente destacable para el caso del 
agente Bard del que no se cuenta con experimentos 
similares documentados tal vez debido a su más 
reciente lanzamiento. De forma similar es el primer 
experimento en realizar una evaluación a un nivel de 
pensamiento superior al de la simple comprensión de 
información. La falta de consenso en cuanto a la eva-
luación de nivel de pensamiento de las preguntas por 
parte de los expertos puede demostrar la necesidad de 
revisar el establecimiento de un marco de referencia 
común entre ellos. Sin embargo, puede identificarse un 
consenso en la existencia de una diferencia entre el 
nivel de pensamiento deseado y el generado por los 
agentes virtuales, tal vez debido a sus limitaciones en 
interpretación y comprensión [14]. Los problemas de 
relevancia y originalidad detectados en las preguntas 
generadas por los agentes virtuales sugieren una limi-
tación para poder utilizar estas herramientas sin super-
visión experta. 

El análisis de Rasch mostró elevada competencia de 
los evaluados y baja complejidad de las preguntas. Se 

puede afirmar que las preguntas del agente E presenta-
ron mayor índice de dificultad (67 %) y discriminación 
(42 %). Esto pudiera deberse a que este agente fue el 
que impartió el curso y conocía el contexto de fortale-
zas y debilidades del grupo. Mientras tanto el agente B 
generó preguntas redundantes con los menores índices 
de dificultad (0.74). Por otro lado, el agente C generó 
preguntas con excelente claridad. De forma intere-
sante, el índice de dificultad del análisis Rasch no 
siempre guardó relación con el nivel de dificultad asig-
nado por los evaluadores.

Esto revela la importancia del análisis de la dificultad 
de las preguntas no solo en base al juicio de los expertos 
sino en el desempeño de los estudiantes. Por otro lado, 
la agrupación de estudiantes en el extremo superior de 
desempeño habla de un efecto de techo del instru-
mento de evaluación.

La ingeniería biomédica es un campo interdisciplina-
rio donde la educación es un componente crucial para 
la preparación de los futuros ingenieros. De esta 
manera, los avances en metodologías de aprendizaje y 
estrategias de evaluación son temas relevantes. 
Artículos como el presente pueden contribuir a mejorar 
la calidad de la formación en el área. Por otro lado, la 
evolución de las formas de aprendizaje ya está impac-
tando la educación en ingeniería biomédica, por lo que 
los artículos sobre estos temas pueden ayudar a los 
profesionales a mantenerse actualizados y enfrentar 
nuevos desafíos. El objetivo principal de nuestra inves-
tigación fue evaluar la calidad de agentes conversacio-
nales en el contexto de la medición de señales bioeléc-
tricas, lo cual es fundamental en ingeniería biomédica. 
Así nuestro artículo es una contribución original a la 
evaluación de la calidad de los agentes conversaciona-
les a un nivel de pensamiento más significativo que la 
simple comprensión de conceptos en el área de la medi-
ción de señales biomédicas. Creemos importante dis-
cutir la necesidad de desarrollar habilidades en estu-
diantes y profesionales sobre el manejo de agentes 
conversacionales.
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TABLA 5. Instrumento de evaluación final.

Q1: ¿Cuál de las siguientes es la derivación más 
utilizada en electrocardiografía? 
•Derivación I 
•Derivación II 
•Derivación III 
Q2: Está realizando el análisis de un estudio de 
electromiografía de superficie de un paciente ¿Cuál 
es el orden correcto para procesar la señal de 
electromiografía de superficie? 
•Procesamiento de línea base, rectificación y 
suavizado 
•Rectificación, suavizado y procesamiento de línea 
base 
•Suavizado, procesamiento de línea base y 
rectificación 
Q3: El registro de EEG de un paciente muestra un 
ritmo alfa prominente en la región occipital. ¿Qué 
estado del cerebro es más probable que se asocie con 
este hallazgo? 
•Despierto y relajado 
•Sueño profundo 
•Alta actividad cognitiva 
Q4: ¿Cuál de los siguientes es el electrodo más 
común utilizado en electrooculografía? 
•Electrodo de superficie 
•Electrodo de aguja 
•Electrodo de alambre 
Q5: Está realizando una electrorretinografía en un 
paciente. ¿Qué configuración de colocación de 
electrodos se usa comúnmente para registrar las 
respuestas eléctricas de la retina? 
•Fpz - Oz 
•Cz - Pz 
•Electrodo activo en la córnea y electrodo de 
referencia en la piel 
Q6: Está realizando un estudio de magneto 
cardiografía a un paciente. ¿Cuáles serían la 
amplitud y frecuencia máxima de la señal esperados? 
•5 pT y 100 Hz 
•5 nT y 1000 Hz 
•5 fT y 10 Hz 

 
Por otro lado, aunque el número de preguntas incluido 

en nuestro instrumento de evaluación puede ser una 
limitante, consideramos que el instrumento actual per-
mitió cumplir con el objetivo de evaluar la calidad del 
instrumento de evaluación creado con la ayuda de 
agentes conversacionales en todos los términos pro-

puestos: nivel de pensamiento, validez, relevancia, 
claridad, dificultad y capacidad de discriminación. 
Además, los métodos que utilizamos para evaluar la 
calidad del cuestionario, como la índice kappa (k) para 
evaluar la concordancia entre los expertos y el análisis 
de Rasch para determinar la consistencia de los resulta-
dos y de los estudiantes, son robustos ya que se centran 
en analizar la calidad del instrumento en lugar del 
mero número de pruebas. Sin duda, aumentar el 
número de preguntas contribuiría a la fiabilidad mate-
mática del estudio. Pero el incremento en el número de 
preguntas podría afectar las respuestas de los expertos 
y estudiantes al afectar su calidad y tasa de participa-
ción. Por lo tanto, consideramos que, en su versión 
actual, el instrumento permitió cumplir con los objeti-
vos del estudio y realizar una evaluación eficiente sin 
comprometer la calidad de los datos.

CONCLUSIONES
Los agentes conversacionales basados en LLMSs tie-

nen capacidad para evaluar la aplicación de conoci-
miento en medición de señales bioeléctricas. Aunque 
no se encontraron diferencias de calidad en términos 
de claridad, dificultad y discriminación en compara-
ción con un experto, se encontraron problemas de vali-
dez y originalidad que requieren supervisión de un 
experto.

Por lo tanto, es necesario realizar más pruebas y estu-
dios para determinar la calidad de la información. Si 
bien, estas herramientas tienen potencial, la evidencia 
sustancial que respalda su uso en entornos académicos 
es fundamental. La alfabetización en estas herramien-
tas en los programas de formación educativa es funda-
mental. Los docentes deben aprender a usar estas 
herramientas y comprender claramente sus limitacio-
nes y los objetivos que quieren lograr al usarlas [3]. 
También es esencial dar a los académicos la autoridad y 
la independencia para utilizarlos [11]. Sin embargo, es 
importante que los expertos en el campo correspon-
diente validen el contenido de las preguntas generadas 
por estas herramientas para asegurar su calidad y 



garantizar que cumpla con los estándares académicos 
requeridos.
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