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Abstract 

 Chronic diseases require ongoing care to improve patients’ quality of life. It 

demands large amount of investment from governments and companies including 

employee absenteeism, early retirement and social spend. Nowadays it is estimated that 

12% of natural death occurs suddenly, in which 88% of them is related to cardiac origin 

[1]. Indeed, cardiovascular diseases are the first cause of mortality in Spain with more 

than 123,000 cases and investments estimated in €2 billon annually, representing 0.2% 

of gross domestic product (GDP). On one hand, the proportional incidence (per 1,000 

habitants) of acute myocardial infarction is stable on population between 25 and 74 

years. On the other hand, it is estimated increasing by 1.5% the number of heart attack 

because of the population aging [2]. 

 However, chronic cardiac disease can be fully or partially prevented. Firstly, 

following healthy lifestyle habits. It is estimated that around 75% of the causes of 

cardiovascular disease is related to factors such as smoking, sedentary lifestyle, 

hypertension, diabetes or obesity. Secondly, it is possible to prevent by early detection 

[2]. 

 This work introduces time series data mining models for analyzing 

electrocardiograms (ECG) in order to identify heart attack pre-events and the 

probability of incidence. This information could support patients in searching proper 

treatment minutes before the cardiac arrest. The techniques selected for training the 

models are decision tree, k-nearest neighbors (kNN), support vector machine (SVM), 

logistic regression and neural networks. 

 It will be used the Physionet [3] project for gathering ECG information, 

particularly from two databases: Sudden Cardiac Death Holter [4] and Fantasia [5]. The 

first one consists 24-hour records from 23 people that suffered hearth attacks during 

ECG monitoring. The other database is a 2-hour record from 40 healthy people. The 

data mining signatures are composed by 2-minutes databases excerpts, in which the 

outcome will be the probability of hearth attack incidents. These signatures are random 

selected from healthy people database and excerpts of specific pre-events from victims 

that suffered sudden cardiac death. Overall, this model can bring up hidden information 

from ECGs in order to predict Ventricular Fibrillation (VF) events making possible 

send alerts for patients and physicians. 
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Resumen 

 Las enfermedades crónicas no tienen cura y exigen cuidados constantes para 

mejorar la calidad de vida de los pacientes. Los gobiernos y empresas tienen que 

afrontar costos elevados por tratamientos, absentismo laboral, jubilaciones anticipadas y 

gastos sociales de estos enfermos. Por otra parte, se estima que 12% de las muertes 

naturales ocurren de repente y que un 88% de éstas se deben a problemas cardíacos [1]. 

Las enfermedades cardiovasculares constituyen la primera causa de muerte en 

España, con más de 120.000 fallecimientos y costes de aproximadamente 2.000 

millones de euros anuales (0,2% del PIB). Aunque la incidencia de los infartos agudos 

se mantiene estable, se estima que cada año aumentará un 1,5% el número de casos de 

infarto y angina debido al envejecimiento de la población [2]. La prevención de las 

enfermedades cardiovasculares es, por tanto, una cuestión de gran relevancia. Por una 

parte, se pueden prevenir antes de que se presenten, siguiendo hábitos de vida 

saludables. Por ejemplo, se estima que en torno a un 75% de las causas de enfermedad 

cardiovascular están relacionadas con factores como el tabaquismo, el sedentarismo, la 

hipertensión, la diabetes o la obesidad. Por otra parte, la prevención puede ser abordada 

mediante la detección precoz [2].  

 En la línea de la detección precoz se enfoca el presente trabajo, en el que se 

propone la utilización de modelos de data mining con el objetivo de clasificar pre-

eventos con alta probabilidad de paro cardíaco. Esta información permitiría a los 

pacientes demandar la ayuda adecuada minutos antes de un paro cardíaco. Los datos 

utilizados en la construcción de los modelos son series temporales correspondientes a 

ECG mientras que las técnicas utilizadas para el entrenamiento de los modelos son árbol 

de decisión, K-vecinos más cercanos, máquina de vectores de soporte, regresión 

logística y redes neuronales. 

 Los datos se han extraído de la plataforma Physionet [3] y, en particular, de dos 

de las bases de datos contenidas en ella: Sudden Cardiac Death Holter [4] y Fantasia 

[5]. De cada sujeto se ha tomado un extracto de 2 minutos de ECG, seleccionado de 

manera aleatoria para sujetos saludables mientras que, para el caso de pacientes que han 

sufrido paros cardíacos, se han seleccionando los 2 minutos que preceden al evento. 

 En general, los modelos pueden descubrir información oculta en los 

electrocardiogramas que permita la predicción de Fibrilación Ventricular (VF) lo cual 

puede ser usado, por ejemplo, para enviar alertas a pacientes y médicos. 
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1. Introduction  
 This section presents an overview about ongoing digital health challenges, 

focusing on remote monitoring services and Spain healthcare system characteristics. 

1.1. Healthcare environment 
 Mobility initiatives in healthcare industry have been changing the relationship 

among patients, physicians, government and health companies in order to improve the 

quality of treatments, preventive actions and increase the sustainability of healthcare 

environment. Find bellow more information about digital health systems, specifically 

mobile health (mHealth). 

1.1.1. Digital health systems 

 Currently, digital health has been changing exponentially by new products and 

services. Moreover, patients have been improving quality of life through vital sign and 

behavior monitoring, education and remote interactions with physicians. 

 

 
Figure 1 Digital health industry sub-sectors [7] 

 Telehealth systems make possible patients exchange clinical data with 

physicians. Long-term care (LTC) monitoring and video consultation belongs to this 

group. These systems facilitate the communication between physicians and patients and 

improve healthcare treatment effectiveness. Furthermore, Telecare supports remote 
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patients’ activity monitoring and medication management. These systems typically 

trigger alerts requesting medical support in emergency situations, i.e. fall monitoring, 

without exchanging large amount of medical data. Indeed, it has been typically 

supported by embedded systems and wearable device [7]. 

 Mobile health (mHealth) is segmented into two sub-groups, wearable and 

applications [7]. The first one is embedded equipment used for monitoring activities, 

heath rate, sleeping patterns and other health solutions that use remote sensors. The last 

one, applications, is used mainly for wellbeing, physical exercises, health tracking, 

medication management and specific medical uses.  

 Health analytics supports physicians in having better results for clinical 

treatments. Indeed, genomic data analyses are techniques for identifying specific 

disease predisposition. It opens new opportunities to patients for seeking preventive 

treatments. Besides, precision medicine supports the development of clinical care 

making treatments more specific and particular for each person. It takes into account 

individual variability of genes, environment, and life style [8]. Finally, data analytic 

helps physicians to manage large volume of information and to develop clinical 

analysis. It also supports the decision-making for clinical and management subjects in 

the healthcare industry.  

 Digitalized health systems are related with traditional patients’ information 

records that could be stored on healthcare providers (i.e. healthcare insurance and 

hospitals) and patients (i.e. exams). Nowadays, there have been changes related with 

digital health architecture from on-premise software to cloud solutions. One of the main 

advantages is the possibility of 24/7 data access, independently of the information 

source provider. On the other hand, there have been concerns about software security 

and data privacy. Moreover, it has been challengeable for healthcare companies and 

hospitals integrate patients’ data with multiples providers. It occurs basically because of 

software’s pattern gap for exchanging information among different equipment 

providers. 

1.1.2. Mobile Health (mHealth) 

 According World Health Organization (WHO), the definition of mHealth is: 

 

“mHealth or mobile health is medical and public health practice 

supported by mobile devices, such as mobile phones, patient monitoring 
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devices, personal digital assistants (PDAs), and other wireless devices. 

mHealth involves the use and capitalization on a mobile phone’s core 

utility of voice and short messaging service (SMS) as well as more 

complex functionalities and applications including general packet radio 

service (GPRS), third and fourth generation mobile telecommunications 

(3G and 4G systems), global positioning system (GPS), and Bluetooth 

technology”[9]. 

 

 There is no clear direction about mHealth future in the next years. For example, 

the European Committee held a public consultation in April 2014 in order to identify 

the actions needed to implement mHealth full potential over the coming years [10]. 

Despite of the uncertainty about this subject, there are regulatory initiatives from the 

U.S. Food and Drug Administration (FDA) [11] that make possible mHealth devices 

and systems be used in clinical environment. Indeed, there are large tech companies 

with expressive investments in healthcare industry, such as Google, Apple, Samsung, 

Microsoft and Intel. 

 Greenspun [12] segments mHealth services into four groups: self-analysis, 

social, integrated and analytical, according Figure 2. The more complex mHealth 

systems, the better added value services will have to customers. 

 
Figure 2 mHealth groups of complexity per services [12] 

 

 In 2012 there were about 13,600 health applications available in Apple Store 

(Figure 3) [6]. On the other hand, most of the software is classified as self-analysis 

group (single use) with low added value to customers. For example, 60% of 

downloaded applications are related with physical exercise and weight loss. Another 
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relevant factor is that users typically have low reliability on the information provided by 

these systems. 

 
Figure 3 Number and type of health applications available on mobile stores [6] 

 According to PricewaterhouseCoopers (PwC) consultancy [13], mHealth can 

reduce costs by 50%. In other words, mHealth could save more than €10 billions in 

Spain from 2013 until 2017. Currently the country has more than 55 millions mobile 

lines. Future predictions are even better, but to achieve maximum service penetration 

would be needed a collaborative working model involving healthcare professionals, 

pharmaceutical industry and government. 

1.2. Spain healthcare system 
 Spain has one of the best medical system models in the world. Spanish 

Constitution of 1978, Article 43, states that the right to health protection is recognized 

for all citizens. National Health System (SNS acronym in Spanish) is organized as a 

coordinated set of health services from the central government administration and the 

autonomous communities (CCAA acronym in Spanish) that integrate all healthcare 

functions and benefits for which public authorities are legally responsible. SNS is 

organized into two healthcare levels: primary care and specialist care [14].  

 Spanish healthcare expenditure had been growing before 2010, representing 

7,21% of GDP in 2000. After 10 years, it was increased to 9,65% of GDP (Figure 4). In 

2010 occurred a progressive reduction of healthcare expenditure (proportionally to 
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GDP) mainly because budget constrains in public services, lowering medicine prices 

and salary reduction in hospital sector [15]. 

 

Figure 4 Public and private health expenditure in Spain (2000-2012) [15] 

 Considering the Spanish healthcare decentralization characteristics, there are 

large differences of health expenditures distribution among the distinct CCAA. Figure 5 

also illustrates the differences between private and public healthcare expenditure (per 

capita) in Spain. 

 

 

Figure 5 CCAA health expenditure per capita [15] 
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 Private medical clinics industry in Spain is highly fragmented, although in 

recent years there has been a trend for concentration headed by large companies. It is a 

consequence of environment changes and increase of competition, demanding cost 

reduction, operational synergy and brand reinforcement.  

 Hospital sector also is highly fragmented. In 2011, five largest companies 

represented only 31% of the market share. Comparing with other countries, it represents 

80% and 64% of the market share in German and U.K., respectively. On the other hand, 

health insurance companies in Spain are more concentrated, in which top five 

companies represent 71% of sector revenues [15]. 

1.2.1. Health key performance indicator (KPI) in Spain 

 Ischemic heart diseases represent the first cause of death in Spain, as shown in 

Table 1 [16]. 
Table 1 Cause of death in Spain (2006) [16] 

Mortality % 
Ischemic heart diseases 10,4 
Cerebrovascular diseases 9,2 
Dementia 5,9 
Bronchial and lung cancer 5,7 
COPD 4,5 
Colon cancer 3,8 
Lower respiratory tracts infection 2,4 
Hypertensive diseases 1,9 
Breast cancer 1,8 
Nephritis, nephrosis 1,8 
Other causes 52,6 

 

 

Figure 6 Mortality rate of ischemic heart diseases considering age in Spain (2012) [17] 
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 Mortality rates of chronic diseases vary depending on patients’ lifestyle, gender, 

age and CCAA. Figure 6 shows that mortality rates growth exponentially, mainly for 

people with more than 65 years. 

 Mortality rate of ischemic heart disease per 100,000 habitats remains stable in 

Spain from 2003 to 2012 (Figure 7) [18]. It occurs because of smoking reduce, healthier 

life style and new clinical therapies. However, it is estimated that absolute deaths will 

increase because of the population aging. 

 

 

Figure 7 Mortality rate for Ischemic heart disease in Spain (2003-2012) [18] 

1.2.2. Digital health in Spain 
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alarms services (also called social alarms). This technology is one of the most common 

services in digital health, supporting patients (mainly elderly) to live with more 

independence. This service in available throughout Spain and penetration rate for 

people with more than 65 years is estimated between 3% and 3.5% [19]. 

 Main providers are located in small cities of the autonomous communities. 

Typically local governments subsides this kind of services. The Law on the Promotion 

of Personal Autonomy and Care of Those in Dependent Situations (39/2006) regulates 

this kind of service. The main objective is guarantee that people in vulnerable situation 

have assistance in their daily life, avoiding social problems and additional economics 

resource. Tele-alarms make possible prompt support during eventual crisis and prevent 

unnecessary hospitalization [19]. 
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 Finally, there are more advanced Telecare services available nationally. 

However it has been used only for special cases. The penetration of this kind of services 

in tele-alarm users is less than 0.5%. In fact, Telecare is an extension of tele-alarms 

agreements [19]. 

1.3. Hearth disease and risk factors 
 Cardiovascular diseases (CVDs) are the first cause of death in occidental 

society. For instance, in Spain represents 32.5% of total mortality (28.6% of men and 

36.8% of woman) in 2006, causing more than 120,000 deaths [20]. 

 Sudden cardiac death is one of the main factors for cardiac mortality. It is 

difficult to prevent because victims not even had been diagnosed with hearth disease, 

occurring unexpectedly. Currently it is possible identify propensity for sudden cardiac 

death by analyzing: historical health data, risk factor (i.e. smoking) and hereditary 

factors.  

 Sometimes it is possible identify disease predisposition through specific 

analysis, i.e. genomics and big data, and specialized physicians. Additionally, there 

have been developed mHealth initiatives to evaluate patient’s health condition in real-

time. Find bellow top five risk factors for CVDs [20]: 

 

a) Smoking: 29.5% of people in Spain declare themselves smokers. Two decades 

ago it was 55% of the population. 

b) Diabetes mellitus (DM): it is proved that DM could cause CVDs. This condition 

is named Metabolic Syndrome [21]. 

c) Hypertension (HT): most common cardiovascular risk in Spain, present in more 

than 40% of people with more than 35 years. 

d) Hypercholesterolemia: it is estimated that more than 20% of adults in Spain 

have high cholesterol (numbers can change depending on the criteria used). 

e) Obesity: in the last 20 years the number of obese people in Spain increased 

around 15%. In addition, 39% of adults are overweight. Moreover, 25% of 

children and adolescents are overweight or obese; in which half of them do not 

practice exercise frequently. 
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2. Related work 
 Recent studies have been shown that ECG complex time series contain hidden 

information [23], in which it is possible predict clinical events, like cardiac arrests [24, 

25, 26, 27]. Typically, researches have been used combination of techniques and 

methods in order to create ECG time series data mining models for data analysis.  

 Some standards points in ECG (P, Q, R, S, T, and U) could be used for 

arrhythmias detection, including QRS duration, T-wave alternant [28], QT dispersion 

[26] and heart rate variability (HRV) [27, 29, 30]. Furthermore, researchers have been 

gathered non-linear parameters for sudden cardiac death prediction using the following 

techniques: Renyi entropy, Fuzzy entropy, Hjorth’s parameters, Tsallis entropy and 

Discrete Wavelet Transform coefficients [23, 31].  

 Currently, academic researches related with health monitoring through ECG 

analysis are in evidence. In addition, there are challenges associated with reducing false 

alarms [32] and gathering reliable data from remote monitoring systems [33]. Firstly, 

wrong alerts in Intensive Care Unit (ICU) influences both patient and clinical staff; 

decreasing healthcare quality [34, 35] with noise disturbances and warnings response 

time [36]. Besides, new challenges have been emerging from mobile technologies in 

order to gather and process health data remotely [37]; and make possible the use of 

wearable sensors with the data quality needed for clinical usage [33].  

 

 
Figure 8 Symptoms extraction from body signals by available biosensor technologies and human-system interaction 

[37] 



   
 

17 

 Pantelopoulos [37] describes physiological symptoms that it is possible collect 

using wearable biosensor technologies, as shown in Figure 8. Based on this concept, the 

author also has been introduced Prognosis [38], which represents a wearable health-

monitoring system for people at risk. 

 Figure 9 illustrates ECG information with typical arrhythmias’ pattern. The data 

set used in this work contains Ventricular Fibrillation (VF) events. Clifford et al. [39] 

introduces some differences between atrial and ventricular arrhythmia; as well 

techniques used for identifying each situation [39, 38]. It is possible verify in Figure 9 

the beat morphology differences among Ventricular Tachycardia (VT), Ventricular 

Flutter (VFL) and Ventricular Fibrillation (VFIB). 

 
Figure 9 Left: ECG with normal sinus (a), ventricular tachycardia (c), ventricular flutter (e) and ventricular 

fibrillation (g). Right: power spectral density (PSD) from the correspondent ECG at left [39] 

 The first challenge for analyzing ECG is denoising and decompose time series in 

order to gather valuable variables for analysis. Figure 9 illustrates time series data 

complexity for identifying standard points (P, Q, R, S, T and U), intervals and 

segments. Researches typically use Fourier transform [40], empirical mode 

decompositions (EMD, i.e., Hilbert-Huang transforms [41]) and mixed approaches (i.e., 

EMD with Wavelets [42] and Wavelets with Genetic Algorithms [43]). Indeed, Wavelet 
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parameterization [44] and Fourier descriptor [45] have been used for ECG signals 

compressions algorithms. 

 Moreover, these parameters are the base for arrhythmia prediction models. Some 

authors use k-nearest neighbor (kNN), decision tree (DT), support vector machine 

(SVM) and artificial neural network (ANN) for predicting cardiac diseases and 

probability of dangerous cardiac events [23, 29, 30, 31, 46, 47, 48, 66].  

 Technology based companies have been investing millions for developing 

mobile health solutions. For example, smart watches are wearable devices with multiple 

sensors that gather information like heart hate, ultraviolet (UV) rays and monitoring 

wellbeing. Currently, companies like Samsung [49], Apple [50] and Sony [51] have 

products in this market. Other companies also are developing solutions focused on 

clinical usage like MyHeart [52] project, which has Philips [53] as main sponsor, and 

ZephyrLIFE HomeTM [54]. These initiatives support the prevention of cardiovascular 

diseases through early diagnosis and remote monitoring, including home care. 

 Startups and academic researchers also are part of this market. They have been 

developing new concepts and products for health monitoring. For example, iHealth 

Labs [55] has some products for monitoring different physiological signal (glucometer, 

blood pressure, weight, pulse oximeter and fitness) and Mishra et al. [56] introduces a 

solution for 24x7 continuous health monitoring over 5-G cellular channels. 

 An example of potential benefits arising from the use of remote patient 

monitoring is the Telemedicine program from U.K. Department of Health. It involved 

238 physicians and 6.191 patients at risk with three clinical conditions (diabetes, heart 

failure and COPD) from the cities of Newham, Kent and Cornwall during 12 months 

[22]. Find bellow the early findings. It was achieved the reduction of: 

• 15% with accident & emergency (A&E) visits; 

• 20% with emergency admissions;   

• 14% with elective admission;   

• 14% with bed days;   

• 8% with tariff costs; 

• 45% with mortality rates.   

 

 These results show the added value with the use of Telemedicine in patient-

physician relationship. 
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 ECG time series has complex components that makes difficult extract features 

for analysis. Because of this, chaos theory could be used for features extraction in time 

series. Jovic [70] introduces the ECG Chaos Extractor that applies chaos methods, like 

phase space and attractors, correlation dimension, spatial filling index, central tendency 

measure and approximate entropy; for ECG feature extraction.  

 There are researches that simplifies the time series processing and analysis. 

TESL [71] is a high-level language for automatically process and analyze relevant 

features for time series data mining.  

 Cloud computing and wearable devices also are used for big data clinical 

researches. For example, Apple launched the ResearchKit [72] software framework that 

let medical researches gather relevant data remotely. Sahoo [73] also presents the 

Cloudwave platform for heart beat analysis. It uses distributed algorithms for processing 

data to support real-time interaction with large amount of information in order to 

generate useful information and visualization for epilepsy clinical research. 

  Wearable smartphone-based platform also is a trend for ECG time series 

analysis. Oresko [74] introduces real-time cardiovascular disease detection based on 

remote platforms. This solution improves the holter-based monitoring that can provides 

only off-line feedbacks.  

 In addition to heart diseases, physiological data gathering from ECG, EEG and 

electromyogram (EMG) also can be used for predicting other health disorders. It is 

possible identify epilepsy [73], sleep apnea [75], Parkinson [76], Huntington's [78], 

amyotrophic lateral sclerosis [79], neuromuscular disease [77] and stress situations [80]. 

For example, Molina [67] defines an architecture with symbolic pattern discovery for 

classify brainstem responses using EEG. The author introduces techniques for domain 

dimensionality reduction using non-linear approaches and coefficients of discrete 

Fourier transform [68] and discrete Wavelet transform [69].  

 As explained previously in this section, standards points in ECG could be used 

for arrhythmias detection, including QRS duration, T-wave alternant, QT dispersion 

[26] and heart rate variability (HRV). Find in Figure 10 a measurement scale for 

detecting long QT syndrome (LQTS) that is correlated with cardiac arrest risk. 
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Figure 10 QT scale, classifying very short to very long syndromes [61] 

 It is common use only one variable for identifying specific chronic diseases and 

syndromes. The illustration of arrhythmias patterns in Figure 9 also shows that RR-

interval, ST segment, PR segment, T-wave and QRS complex could be used for 

identifying health disorders. Indeed, RR-interval variability is typically used for identify 

patterns and probability of cardiac arrest.  

 Zhang [81] proposes the use of QRS/T angles for predicting incident coronary 

heart disease. The mains objective was compare the significance of the frontal plane 

QRS/T angle, spatial QRS/T angle, and spatial T-wave axis. Finally, Anastasiou-Nana 

[82] describes a study involving patients with advanced congestive hearth failure 

(CHF). The author described the relation of QRS and QT dispersion with CHF and 

sudden cardiac death events. 
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3. Objectives and Hypothesis 
 Firstly, the global objective is: Develop data mining models to identify general 

risk factor for sudden hearth failure event beforehand through ECG time series data 

mining analysis.  

 There are some specific goals based on the general objective. The first one is 

extract events in ECG time series that could indicate Ventricular Fibrillation (VF) and, 

consequently, cardiac arrest using data mining techniques.  

 After, the objective defined is to evaluate and prioritize variables (relevant 

information) for data mining models. These variables have been gathered from ECG 

decomposition with parameters like standards points (P, Q, R, S and T) and segments 

(i.e. RR-interval).  

 The next specific objective is identifying better signature patterns and data 

mining architecture. The approach used is comparing models with 1, 3, 6 and 9 beats 

sequences. Finally, it has been used multiple data mining techniques, like logistic 

regression, neural network, decision tree, support vector machine (SVM) and k-nearest 

neighbors (kNN). 

 There are some hypothesis and assumptions for this work. It has been used 

Physionet database to train and test all models. It was selected two databases from this 

platform: Fantasia [5] and Sudden Cardiac Death [4]. Healthy people are part of the first 

database. The second one describes patients that faced Ventricular Fibrillation (VF) 

event during Holter monitoring and, consequently, occurred a sudden cardiac death. It 

has been used 2 minutes before VF events for training and testing the data mining 

models in order to measure the probability of cardiac arrest. 

 Indeed, each subject (healthy people or patients) is present only in the train or 

test data set for 8-fold cross validation. It occurs to avoid models that have optimistic 

and unreal performance. Moreover, Matlab tool are used for training and testing all data 

mining models. The R-peak value has been gathered mainly based on Physionet 

annotation and manual validation. Indeed, it was used Wavelet techniques for validating 

this information. The values of P, Q, S and T peaks have been gathered automatically 

from an algorithm implemented in C/C++ that is explained in the following sections. 
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4. Knowledge discovering in database (KDD) process 
 Data mining and knowledge discovering was introduced by Usama Fayyad et al. 

[83] in 1995. It is a process for gathering, transforming and analyzing data in a 

pragmatic way for many fields of study and industry, like medicine, finance, marketing 

and others. This process helps to mitigate the manual effort of analyzing the data.  

 Analysts had spent much time and resources for understanding the data and 

generating business added value before KDD process. Consequently, they were the 

main restriction among data knowledge, product users and scalability. These limitations 

turn the process slow, expensive and highly subjective [83]. Figure 11 [83] illustrates 

the KDD process since data gathering until the knowledge generated.  

 One of the main contributions of KDD process is the involvement of the end 

user in overall process of the development of models and decision-making. 

Consequently, this process is iterative and interactive. It occurs because of the 

development of specific algorithms that implements general methods. The primary 

components for data mining algorithms are: model representation, model evaluation and 

search [83]. 

 

 
Figure 11 Overview of the steps that cover KDD process [83] 

 KDD process should be less dependent of data mining experts during products 

operations. On the other hand, it is necessary a higher setup effort for defining the 

components and algorithms for users. It should be a trade off between setup effort and 

added value for users. For example, it should be considered the effort needed to adapt 
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the models when the architecture of the dataset changes fast. Find bellow an overview 

about KDD process steps [83]. 

i. Developing and understanding application domain: understand the environment 

that the work will be developed is one of the first steps to setup the project. It is 

important have a customer’s point of view about the expected objectives and fit 

models to clients’ needs since beginning. Furthermore, it could be relevant 

contact specialists and lessons learned from equivalent projects.  

ii. Create target data set: typically the data set available is not structured and there 

is missing information. It is necessary evaluate data subset and relevant 

variables for customers’ needs. One of the main objectives is avoiding spend 

resources analyzing irrelevant variables and dataset.  

iii. Cleaning and preprocessing: it is necessary verify the quality of variables and 

data for using this information in a pragmatic way (structured process). It is 

necessary remove noise, adapt the information for the data mining models, 

define strategies to figure out the missing data fields and prepare data for using 

algorithms in order to automatize future data analysis. 

iv. Data reduction and projection: different variables could be redundant in specific 

models. For example, some regression algorithms have premises of independent 

variables. In case of two or more variables are highly correlated, it could be 

selected only one of them to develop the model. Indeed, there are models and 

tools that do not have a good performance with large amount of information. 

Considering this, dimensionality reduction or transformation methods could be 

effective for improve analysis efficiency.  

v. Matching KDD process goal with data mining method: at this step the goals of 

KDD process are correlated with a particular data mining technique. Typically, 

these models have specific objectives like, i.e., classification, clustering and 

prediction. 

vi. Exploratory analysis and model and hypothesis selection: this step is dedicated 

to choose data mining algorithms and methods in order to search patterns that 

could provide useful insights. Depending of the problem, it could be relevant 

select specific methods. For example, neural network and non-linear based 

techniques are black-box, which it is not possible interpret the model’s 
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parameters elicited previously. This situation does not occur when it is used, i.e., 

decision trees and logistic regression techniques.  

vii. Data mining: this step is important to verify the applicability and possible 

adjustment of the data mining techniques. It is important evaluate the statistical 

relevance of the models, over fitting and possible deviations comparing with the 

main customers objective. Each data-mining techniques have specific points to 

be observed.  

viii. Interpret mined patterns: after analyzing the patterns generated, it could be 

necessary returning to steps “i” through “vii” for further iteration. This is a 

cyclic process and every time that the data mining patterns change it could be 

necessary adjust one or more previous steps. 

ix. Knowledge: the information patterns could be available into another system for 

further action or simply documenting it for end-users. 
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5. Data mining techniques 
 It has been used six different data mining techniques. Matlab is the tool selected 

for supporting the techniques implementation and evaluation. Find bellow a brief 

overview of these techniques and some particularities of the algorithm implementation. 

5.1. Decision Tree 
 This technique represents the binary splits for classification and responses 

prediction [84]. The process starts at the root node, where for each step it is going down 

selecting the binary statement rules following the branches until the last node (Figure 

12).  

 
Figure 12 (left) typical tree T with a root node t1 and a subtree Tt3; (right) T – Tt3, the tree after shrinking the subtree 

Tt3 into a terminal node t3 [85] 

The decision tree creation follows some stopping rules [86] as following: 

• The node is pure: it occurs when the nodes contain only observations of 

one class. It is used the algorithm Gini’s Diversity Index (GDI) [85]; 

• There are fewer observations in a certain node than the minimum leaf 

size criteria defined. 

• Reach the maximum number of splits. 

 

 The criteria technique used for splitting was Gini's Diversity Index (GDI). Find 

bellow the equation [84]: 

𝐺𝑖𝑛𝑖 𝑇 = 1− 𝑝! 𝑗
!

, 
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where “j” represents the classes and 𝑝 𝑗  it is the probability (observed fraction) of the 

class “j” that reacts for the node. If the result of 𝐺𝑖𝑛𝑖 𝑇 = 0, it means that the node 

have just one class (pure node).  

 For each step, the main objective of the split is maximizing the values of 

entropy, which it is called 𝐺𝑖𝑛𝑖𝐺𝑎𝑖𝑛 𝑇,𝐴 , where T is the tree (or sub-tree) analyzed as 

shown in Figure 12 and A is the current statement case analyzed (i.e. QRS < 0.470 

seconds). Find bellow the equation: 

 

𝐺𝑖𝑛𝑖𝐺𝑎𝑖𝑛 𝑇,𝐴 = 𝐺𝑖𝑛𝑖 𝑇 − 𝑝 𝑇! ∗ 𝐺𝑖𝑛𝑖(𝑇!)− 𝑝 𝑇! ∗ 𝐺𝑖𝑛𝑖(𝑇!), 

 

where 𝑝 𝑇!  and 𝑝 𝑇!  are the proportion of examples at the left and right, respectively, 

subtrees after split. 

 GDI can be expressed as functions of 𝑝 𝑗 , 𝑗 = 1 to 𝐽 − 1 [85]. Find in Figure 

13 the impurity functions curve when J = 2 (left) and J = 3 (right).  

 

 
Figure 13 (left) Gini index for two-class problem and (right) Gini index for tree-class problem [85] 

  
Figure 14 Decision Tree parameters in Matlab. (Left) complex and (right) simple 
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 Furthermore, there are two kinds of stop criteria considered in this work, simple 

and complex tree. The unique difference is the maximum number of splits in the stop 

criteria. It means that the maximum number of splits value in simple decision tree is 4 

and in the complex model is 100. Find in Figure 14 the decision tree parameter in 

Matlab for complex (left) and simple (right) models.  

5.2. K-Nearest Neighbors (kNN) 
 

 K-nearest neighbors (kNN) algorithm is used to classify observed data based on 

centroids manually defined in order to create cluster based on the distance 

measurement. Each centroid is a marker that represents one group (Figure 15). Find 

bellow a typical process to define clusters: 

 

i. Centroids are generated randomly without any observation data associated. 

ii. Clusters are created. Each observation data group has one centroid. Each 

observed data remains the cluster with closest centroid. 

iii. The centroid position is adjusted for the mean position of all observed data in a 

specific group. 

iv. Steps ii and iii are repeated until reach convergence. It means that the mean 

position of all observed data in a specific group is equal of the centroid position. 

 

 One of the technique’s problems is related with the amount of centroids needed. 

It occurs because the amount of groups and centroids should be defined manually. Find 

in Figure 15 an example with two clusters and the associated centroids. 

 
Figure 15  kNN example of cluster assignments and centroids [89] 
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 There are many techniques for calculating the distance between the observed 

data and the centroids. This work has been used Euclidian equation for calculates the 

distances between centroids and observed data: 

 

𝑑!" = |𝑥!" − 𝑥!"|!!
!!! , 

 

where d!" is the distance between the centroid row vector x!  and a certain observed row 

vector data x! for “j” parameters evaluated. 

 Matlab tool also used a concept of kNN search. It is a technique representation 

that makes possible finds the k-closest points (X) starting from a query point or a set of 

query points (Y). The technique is called Kd-trees that segment all data into clusters 

(nodes) with at most BucketSize points per node.  

 KDTreeSearcher model objects store results, including training data, distance 

metric and its parameters and the maximal number of data points in each leaf note [88]. 

Find in Figure 16 the representation of a Kd-tree with the query point and their 

neighbors. 

  
Figure 16 Kd-tree representation with 8 nodes, a query point of reference and their neighborhoods [88] 

 

 Find in Figure 17 the kNN parameter used in Matlab for the examples in this 

work. 
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Figure 17 KNN parameter in Matlab 

5.3. Support Vector Machine (SVM) 
 This technique is used to classify the data when there are exactly two groups. 

The concept of hyperplane is used to segment the observed data into two groups. The 

hyperplane with largest margin between the two groups it is selected.  

 Find in Figure 18 [87] a picture that illustrates the hyperplane, margin and 

support vector points of two groups (positive and negative representation).  

 

 
Figure 18 SVM implementation with hyperplane, margin and support vector points representation [87] 

 Because of hyperplane’s characteristics, SVM could not be allowed for a 

separating hyperplane as shown before. In order to figure out, it could be used the 

concepts of soft margin, which it means that the hyperplane separates many, but not all, 

data points[87]. Matlab implementation of SVM has several algorithms for solving this. 

As shown in Figure 20, this work used the Sequential Minimal Optimization (SMO) 

[90] for solving the soft margin problem. 

 It could be necessary use more complex hyperplanes functions for defining the 

separation criterion in some binary classification problems. It is used the theory of 

reproducing kernels [91] for this approach. For this work it is used a gaussian kernel 

based function as shown in Figure 20. It is possible verify in Figure 19 a representation 
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of radial based function (Gaussian) kernel segmenting two groups, red and blue points. 

Find in Figure 18 the SVM parameter used in Matlab for this work. 
 

 
Figure 19 Radial based function (Gaussian) kernel representation of two groups (red and blue points)[87] 

 
Figure 20 SVM parameter in Matlab 

5.4. Binary logistic regression 
 This technique is used to predict the probability of a binary response based on 

independent variables [92]. Find in Figure 21 a representation of a logistic equation and 

the probability of people face cardiac arrest (Risk and No Risk). It is possible verify that 

y-axis range is between 0 and 1, representing the probability.  
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Figure 21 Logistic equation with the data from risk and no risk subjects classified by the data-mining model 

 

 Find bellow the logistic regression equation used to find the probability. 

 

𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝐿𝑜𝑔𝑖𝑠𝑡𝑖𝑐 𝑖𝑛𝑝𝑢𝑡 { 𝑟𝑒𝑡𝑢𝑟𝑛 !
!!!!!"#$%

}, 

 

where the variable “input” is a linear equation containing the independent variables 

considered. Find bellow an example of the probability gathered from the logistic 

equation using 10 independent variables (P, Q, R, S, T, QRS, QT, ST, PR and RR). 

 

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =  𝐿𝑜𝑔𝑖𝑠𝑡𝑖𝑐(𝟑𝟗. 𝟓𝟔 + 𝐏 ∗ 𝟐. 𝟐𝟑 + 𝐐 ∗ 𝟑. 𝟐𝟑 − 𝐑 ∗ 𝟐. 𝟒𝟎 + 𝐒 ∗ 𝟕. 𝟗𝟕 − 𝐓 ∗ 𝟒. 𝟏𝟗

+ 𝐐𝐑𝐒 ∗ 𝟐𝟖. 𝟐𝟕 + 𝐐𝐓 ∗ 𝟑𝟑. 𝟎𝟖 − 𝐒𝐓 ∗ 𝟐. 𝟒𝟖 − 𝐏𝐑 ∗ 𝟏𝟏. 𝟒𝟏 − 𝐑𝐑 ∗ 𝟏𝟎. 𝟑𝟑) 

 

 Find in Code 1 the Matlab function that estimates the coefficients for a 

generalized linear regression. The distribution considered is based on logistic formula 

(‘logit’). The result of “glmfit” equation will be the beta (B) values, which consists the 

constants of the formula defined before. 
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Code 1 Logistic regression function for generating beta (B) values in Matlab 

 

5.5. Feed-forward back propagation 
 One of the first neural network models was perceptron network, which uses a 

hard limit transfer function as shown in Figure 22.  

 
Figure 22 Hard limit transfer function [93] 

 The architecture of this network has only one layer (output). Each class is 

represented by one output neuron for classification algorithm. Figure 23 shows the 

architecture of a perceptron network.  

 

 
Figure 23 Perceptron network [93] 

 The first part represents the input variables that contain the data for processing. 

It is possible visualize that all input variables are connected with all output neurons in 

the Perceptron Layer. It represents that each output neuron “a” implements a hard limit 

%MATLAB function to generate B values for logistic regression analysis 

glmfit(DataSign01_IN01, ... 

 [DataSign01_OUT01 ones(size(DataSign01_OUT01))], ... 

 'binomial', ... 

 'link',  ... 

 'logit'); 
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transfer function (hardlim) that has the input variable “p”, weight “W” and a constant 

“b”. In order to gather the variables “W” and “b” for each output neuron, it is necessary 

train the network. Find bellow the equation for calculating the output value for each 

outcome neuron: 

𝑎 = ℎ𝑎𝑟𝑑𝑙𝑖𝑚 𝑊𝑝 + 𝑏 . 

 

 Find in Figure 22 the illustration of the hardlim transfer function. Perceptron 

networks makes possible classifies the input variables by dividing the input space into a 

minimum of two regions. Figure 24 describes the input space of a two-input hard limit 

neuron with the weights w1,1 = -1, w1,2 = 1 and a bias b = 1 [93]. 

 
Figure 24 Two classification regions are formed by the decision boundary line L at Wp + b = 0. This line is 
perpendicular to the weight matrix W and shifted according to the bias b [93]. 

 

 It is possible verify some limitations of perceptron network in Figure 25. At the 

left graph it is possible verify that the hard-limit transfer function is linear and can 

segment at least two groups that are isolated.  

 On the other hand, it is not possible to solve problems with one-layer perceptron 

networks depending on the data complexity, as shown at right in Figure 25. It occurs 

because it would be need multi-layer architectures. For this kind of problems it is 

possible to use feed-forward networks with multi-layer perceptron. 
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Figure 25 (Left) example problem solved with perceptron network for two classes classification (linear equation). 

(Right) problem solved with feed-forward network for two classes classification (non-linear equation) [94]. 

 Feed-forward networks could have one or more hidden layers followed by an 

output layer of linear neurons. The main difference between the perceptron network and 

feed-forward networks are the presence of sigmoid neurons and the multi-layer between 

the input variables and output layer. This part of the architecture is called hidden layers.  

 As shown in Figure 25 (right), the presence of non-linear transfer functions 

make possible exists non-linear relationships between input data and output neurons 

[93]. Figure 26 shows the main transfer functions used in feed-forward networks. It is 

possible verify that two functions are non-linear (center and right) and one has linear 

characteristics. As shown in the left graph, linear output layer makes possible the 

network generate values outside the range -1 to 1.  

 In this work, the output values should have between 0 and 1 (no risk and risk 

subjects, respectively). Considering this, it has been used the logsig transfer function for 

output layer and tansig transfer function for hidden layers.  

 
Figure 26 Transfer functions for feed-forward networks. (Left) Purelin is a linear function,  (center) tansig is a non-

linear function between -1 and 1 and (right) logsig is a non-linear function between 0 and 1 [93]. 

 Find in Figure 27 an illustration of the hidden layer architecture with non-linear 

transfer functions for multiple-layer feed-forward networks.  
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Figure 27 Single layer network of logsig neurons [93] 

 Figure 28 describes an end-to-end architecture for a feed-forward network with 

the input variables, hidden layer, output layer and functions. 

 

 
Figure 28 Multi-layer percepton network [93] 

 

 The neural network training process involves the values adjustment of weights 

and biases in order to maximize network performance. The weights are defined in 

Figure 28 as the variable “W” and the biases as the variable “b”, being used as input 

values for the “tansig” and “purelin” transfers function. It has been used the Mean 

Square Error (MSE) to evaluate networks performance between outputs “a” and the 

target outputs “t”. The equation is defined as follows: 

 

𝐹 = 𝑚𝑠𝑒 =
1
𝑁 𝑒! ! =

1
𝑁

!

!!!

𝑡! − 𝑎! !
!

!!!

 

 

 There are mainly two ways to train the neural network, consisting the 

incremental and the batch mode. The first one has the weights adjusted after each data 
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entry through the gradient direction. In the second technique, batch mode, the weights 

are adjusted after each epoch, which consist that all entries had feed the model before 

MSE calculation and adjustment. There are some techniques to evaluate training error in 

order to adjust weights, as well cyclic learning and almost-cyclic learning [94]. 

 Find in Figure 29 the neural network parameters typically used in the models. 

 
Figure 29 Typical feed-forward network parameters used in this work 

 

5.6. Distributed Time-Delay Neural Network (TDNN) 
 Time Delay Line (TDL) components could be used in feed-forward network to 

generate most straightforward dynamic network. It could be used in time series to 

predict or classify data. This model is called focused time-delay neural network 

(FTDNN). The TDL is a component that receives the input signal from the left and 

passes through N-1 delays as shown in Figure 30.  

 
Figure 30 Tapped Delay Line filter representation [93] 

Dimensions: 
• numInputs: 1 
• numLayers: 2 
• numOutputs: 1 
• numInputDelays: 0 
• numLayerDelays: 0 
• numFeedbackDelays: 0 
• numWeightElements: 301 
• sampleTime: 1 

Functions:  
• adaptFcn: 'adaptwb' 
• adaptParam: (none) 
• derivFcn: 'defaultderiv' 
• divideFcn: 'dividerand' 
• divideMode: 'sample' 
• initFcn: 'initlay' 
• performFcn: 'mse' 
• trainFcn: 'trainlm' 
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 It is defined a “k” time delay value for processing the input sequence. It means 

that in a time series the linear layer will process “k” sequential input vector (p(1), p(2), 

…, p(k)) in each epoch instead of only one vector (p(1)) like occurs in feed-forward 

networks. The output filter equation is given by: 
𝑎 𝑘 = 𝑝𝑢𝑟𝑒𝑙𝑖𝑛 𝑊𝑝 + 𝑏 = 𝑤!,! ∗ 𝑝 𝑘 − 𝑖 + 1 + 𝑏!

!!! . 
 
 FTDNN networks had the TDL filter only at the first layer of a feed-forward 

network. In a similar way, distributed time-delay neural network (TDNN) has the TDL 

in both layers, hidden and output, as shown in Figure 31. 

 
Figure 31 Distributed Time-Delay Neural Network [93] 

 Find in Figure 32 [93] and example of a typical input data for distributed TDNN 

network. It is a time series signal with two different frequencies domains for model 

classification. 

 
Figure 32 Input time series data with two different frequencies [93] 
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 Based on the Figure 32 [93] input pattern, a distributed TDNN network is 

trained.  Find in Figure 33 [93] the output, which it is possible accurately distinguish the 

two “phonemes”. 

 
Figure 33 Output data from distributed TDNN classifying two different frequencies [93] 

 It is possible identify that the distributed TDNN network training typically is 

slower than the FTDNN because of the use of dynamic back-propagation techniques. 

Find in Figure 34 the distributed TDNN typically used in the models with 3, 6 and 9 

beats. 

 
Figure 34 Typical distributed TDNN network parameters used in this work 

Dimensions (3 beats): 
• numInputs: 1 
• numLayers: 2 
• numOutputs: 1 
• numInputDelays: 2 
• numLayerDelays: 2 
• numFeedbackDelays: 2 
• numWeightElements: 815 
• sampleTime: 1 

Functions:  
• adaptFcn: 'adaptwb' 
• adaptParam: (none) 
• derivFcn: 'defaultderiv' 
• divideFcn: 'dividerand' 
• divideMode: 'sample' 
• initFcn: 'initlay' 
• performFcn: 'mse' 
• trainFcn: 'trainlm' 

Dimensions (6 beats): 
• numInputs: 1 
• numLayers: 2 
• numOutputs: 1 
• numInputDelays: 5 
• numLayerDelays: 5 
• numFeedbackDelays: 5 
• numWeightElements: 1676 
• sampleTime: 1 

Dimensions (9 beats): 
• numInputs: 1 
• numLayers: 2 
• numOutputs: 1 
• numInputDelays: 8 
• numLayerDelays: 8 
• numFeedbackDelays: 8 
• numWeightElements: 2501 
• sampleTime: 1 



   
 

39 

6. Dataset selection and preprocessing  
 PhysioNet [3] dataset has been selected for this work. It has a large digital 

recording of multiple physiologic signals and time series, including, i.e., ECGs, blood 

pressure, respiration, oxygen saturation and electroencephalography (EEGs). It is a 

public service funded by the U.S. National Institutes of Health's NIBIB [25] and 

NIGMS [28] with more than 3,600 citations in Google Scholar. About 45,000 visitors 

use PhysioNet each month that contains over 70 databases with more than 4 TB of 

information.  

 Based on this dataset, the main goal is identify risk probability of sudden cardiac 

death beforehand by analyzing ECG time series. Considering this propose, it has been 

used two databases: Sudden Cardiac Death Holter [4] and Fantasia [5]. The first one has 

24-hour records from 23 complete Holter recording from people who experienced 

sudden cardiac death during monitoring. The last one is a 2-hour ECG recording from 

twenty young and twenty elderly people during a resting state.  

6.1. Selection 
 Typically, PhysioNet databases have annotations indicating different kinds of 

events, i.e., tachycardia, heart blocks, sinus rhythms and more than 20 types of 

information. The annotation “VF Onset Time (elapsed)” in database Sudden Cardiac 

Death Holter (SDDB) consists the Ventricular Fibrillation (VF) that is the cause of 

cardiac arrest and sudden cardiac death. Table 2 shows the list of patients, gender, age 

and timeframe considered in analysis. For this work, it has been collected excerpts of 2 

minutes before VF events. Indeed patient sddb40, sddb42 and sddb49 are not used 

because there is no VF event annotation in PhysioNet.  

 Also patient sddb39, sddb43, sddb47 and sddb52 were not used in this analysis. 

In despite of PhysioNet annotations describing normal beat (R position) for these 

patients; it was not possible gather all the information about P, Q, S and T with the 

algorithm applied. Finally, it has been used sixteen patients’ ECG information from 

Sudden Cardiac Death Holter database. 
Table 2 Sudden Cardiac Death Holter Database: List of names, gender, age and timeframe 

Id Gender Age Data time frame considered 
Sddb30 Male 43 Start [07:52:23] - End [07:54:23] > 2 min 
Sddb31 Female 72 Start [13:40:14] - End [13:42:14] > 2 min 
Sddb32 Unknown 62 Start [16:43:08] - End [16:45:08] > 2 min 
Sddb33 Female 30 Start [04:44:09] - End [04:46:09] > 2 min 
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Sddb34 Male 34 Start [06:33:34] - End [06:35:34] > 2 min 
Sddb35 Female 72 Start [00:32:46] - End [00:34:46] > 2 min 
Sddb36 Male 75 Start [18:56:51] - End [18:58:51] > 2 min 
Sddb37 Female 89 Start [01:29:03] - End [01:31:03] > 2 min 
Sddb38 Unknown Unknown Start [07:59:44] - End [08:01:44] > 2 min 
Sddb39 Male 66 Not used 
Sddb40 Male 79 Not used 
Sddb41 Male Unknown Start [02:57:14] - End [02:59:14] > 2 min 
Sddb42 Male 17 Not used 
Sddb43 Male 35 Not used 
Sddb44 Male Unknown Start [19:36:35] - End [19:38:35] > 2 min 
Sddb45 Male 68 Start [18:07:07] - End [18:09:07] > 2 min 
Sddb46 Female Unknown Start [03:39:37] - End [03:41:37] > 2 min 
Sddb47 Male 34 Not used 
Sddb48 Male 80 Start [02:27:30] - End [02:29:30] > 2 min 
Sddb49 Male 73 Not used 
Sddb50 Female 68 Start [11:43:33] - End [11:45:33] > 2 min 
Sddb51 Female 67 Start [22:56:13] - End [22:58:13] > 2 min 
Sddb52 Female 82 Not used 

 
 Fantasia is the second database used. It is composed by twenty young (21 - 34 

years old) and twenty elderly (68 - 85 years old) healthy subjects underwent 120 

minutes of continuous supine resting while continuous ECG and respiration signals 

were collected. In order to compare similar characteristics, it has been used only twenty 

elderly subjects from Fantasia database because in Sudden Cardiac Death Holter 

database the average age is around 63 years. Also, the entries of gender (Male and 

Female) are proportional in both databases. Finally, 2 minutes time frame excerpt was 

selected randomly as shown in Table 3. 
Table 3 Fantasia Database: List of names, gender, age and timeframe 

Id Gender Age Data time frame considered 
f1o01 Female 77 Start [01:58:50] - End [02:00:50] > 2 min 
f1o02 Female 73 Start [00:04:00] - End [00:06:00] > 2 min 
f1o03 Male 73 Start [00:09:00] - End [00:11:00] > 2 min 
f1o04 Male 81 Start [00:55:00] - End [00:57:00] > 2 min 
f1o05 Male 76 Start [00:19:00] - End [00:21:00] > 2 min 
f1o06 Female 74 Start [00:13:50] - End [00:15:50] > 2 min 
f1o07 Male 68 Start [00:24:15] - End [00:26:15] > 2 min 
f1o08 Female 73 Start [00:28:15] - End [00:30:15] > 2 min 
f1o09 Male 71 Start [00:45:54] - End [00:47:54] > 2 min 
f1o10 Female 71 Start [00:42:22] - End [00:44:22] > 2 min 
f1y01 Female 23 Not used 
f1y02 Female 28 Not used 
f1y03 Male 34 Not used 
f1y04 Male 31 Not used 
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f1y05 Male 23 Not used 
f1y06 Male 30 Not used 
f1y07 Male 21 Not used 
f1y08 Female 30 Not used 
f1y09 Female 32 Not used 
f1y10 Female 21 Not used 
f2o01 Female 73 Start [00:53:10] - End [00:55:10] > 2 min 
f2o02 Female 75 Start [01:13:12] - End [01:15:12] > 2 min 
f2o03 Female 85 Start [01:27:20] - End [01:29:20] > 2 min 
f2o04 Female 70 Start [01:33:00] - End [01:35:00] > 2 min 
f2o05 Male 83 Start [01:38:01] - End [01:40:01] > 2 min 
f2o06 Male 70 Start [01:44:44] - End [01:46:44] > 2 min 
f2o07 Male 77 Start [01:49:23] - End [01:51:23] > 2 min 
f2o08 Male 71 Start [01:15:10] - End [01:17:10] > 2 min 
f2o09 Male 77 Start [00:20:00] - End [00:22:00] > 2 min 
f2o10 Female 73 Start [00:42:00] - End [00:44:00] > 2 min 
f2y01 Female 23 Not used 
f2y02 Male 23 Not used 
f2y03 Female 28 Not used 
f2y04 Female 27 Not used 
f2y05 Female 25 Not used 
f2y06 Male 26 Not used 
f2y07 Male 31 Not used 
f2y08 Male 21 Not used 
f2y09 Female 21 Not used 
f2y10 Male 21 Not used 

6.2. Preprocessing 
 As shown in Figure 35, there are two kinds of information gathered, peaks (P, Q, 

R, S and T) and segments (RR, PR, QRS, QT and ST).  

 
Figure 35 Beat example with the information gathered from subjects 
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 It is important highlight that the terminology of QRS complex, segments and 

intervals typically used for ECG beats analysis is different of the “segment” 

terminology used in this document. The terminology used consists the timeframe 

between two peaks. For example, QRS segment is the range between Q-peak and S-

peak. 

 There are two unit of measure used in PhysioNet. For peaks it is used the 

measurement “adu/mV” (Table 4). “Adu” is one analog-to-digital converter unit (the 

quantization step, which is the smallest measurable difference between two sequential 

entries). Furthermore, mV is the unit of measure for millivolts. For example, an 

amplitude resolution of 800 adu/mV means that two unscaled samples that differ by 800 

units represent an electric potential difference of 1 mV. 
Table 4 Analog-to-digital converter unit (adu) for each subject. 

ID adu/mV 
 

ID adu/mV 
 

ID adu/mV 
 

ID adu/mV 
f1o01 2000 

 
f2o01 819.2 

 
sddb30 800 

 
sddb44 800 

f1o02 2000 
 

f2o02 409.6 
 

sddb31 800 
 

sddb45 800 
f1o03 2000 

 
f2o03 409.6 

 
sddb32 800 

 
sddb46 800 

f1o04 2000 
 

f2o04 409.6 
 

sddb33 800 
 

sddb48 800 
f1o05 2000 

 
f2o05 819.2 

 
sddb34 800 

 
sddb50 800 

f1o06 2000 
 

f2o06 409.6 
 

sddb35 800 
 

sddb51 800 
f1o07 2000 

 
f2o07 409.6 

 
sddb36 800 

   f1o08 2000 
 

f2o08 163.84 
 

sddb37 800 
   f1o09 2000 

 
f2o09 409.6 

 
sddb38 800 

   f1o10 2000 
 

f2o10 409.6 
 

sddb41 200 
    

 The unit of measure for segments is based on time. So, the clock frequency for 

all databases analyzed is 250 ticks per second. Considering this, there are 30,000 ticks 

(entries) collected for 2 minutes excerpts. 

6.2.1. Input data and R-peak values 

 There are two kinds of input information gathered from PhysioNet, ECG data 

and annotation marks, as shown in Figure 36. This illustration was plotted using 

PhysioNet Lightwave software [57]. It is possible identify channels (vertical axis) with 

different kind of information representing, respectively, respiration, ECG and blood 

pressure (BP).  
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Figure 36 PhysioNet Lightwave software [57] for visualizing excerpt from time series and annotations about the 

subject f2o01 from Fantasia database 

 For this work, it has been used only ECG data. Also it is possible verify in 

Figure 36 blue marks between respiration and ECG channels. It represents the sinus 

rhythms (beats) annotation with R-peaks position.  

 Figure 37 shows technical summary of subject f2o01 from Fantasia database. It 

is possible verify information of total time recorded, clock frequency, annotations 

summary and different kinds of data collected, including precision and unit of measure 

scales. 

 
Figure 37 PhysioNet Lightwave software [57] with technical information about the subject f2o01 from Fantasia 

database 

 It has been used Physionet Toolkit [58] for gathering the information data 

described previously. Find in Code 2 the command for gathering the timestamp of 

f2o01 values from database Fantasia. 

 



   
 

44 

Code 2 Gathering ECG ticks (timestamp and values) for subject f2o01 in database Fantasia (UNIX terminal 

command) 

 
 

 Code 3 shows the command for gathering annotations from the same subject 

(fantasia/f2o01) between the period “00:53:10” and “00:55:10”. 

 
Code 3 Gathering ECG annotations (R-peaks) for patient f2o01 in database Fantasia (UNIX terminal command) 

 
 

 It has been applied Wavelet Transform [59] and manual check to validate R-

peaks position in ECGs. Find in Figure 38 the comparison between R-peaks localized 

by PhysioNet annotation and manual validation (red circle) and R-peaks localized by 

Wavelet Transform (black asterisk). 

 
Figure 38 R-peaks localized by wavelet transform comparing with PhysioNet annotation and manual validation for 

subject f2o01 from database Fantasia 

 Find in Code 4 Matlab commands and functions used to plot the graph in Figure 

38. 

 

> rdsamp -r fantasia/f2o01 -f 00:53:10 -t 00:55:10  

> rdann -r fantasia/f2o01 -a ari -e  -f 00:53:10 -t 00:55:10  
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Code 4 Matlab code to locate R-peaks using wavelets. Reference code from “Wavelet Analysis of Physiologic 

Signals”, Matlab Documentation [59] 

 
 

 In order to validate the final R-peak position it was applied manual checking. 

Find in Figure 39 the ECG time series plot with R-peak position identified by different 

methods. 

% Reference “Wavelet Analysis of Physiologic Signals” from Matlab Doc.  

% Link: http://es.mathworks.com/help/wavelet/examples/wavelet-analysis-

of-physiologic-signals.html?refresh=true 

close all 

clf('reset') 

% ECG Timestamp 

tm = f2o01(:,1); 

% ECG Values 

ecgsig = f2o01(:,2);   

% maximal overlap discrete wavelet transform (MODWT) to enhance the R 

peaks in the ECG waveform 

wt = modwt(ecgsig,5); 

wtrec = zeros(size(wt)); 

wtrec(4:5,:) = wt(4:5,:); 

y = imodwt(wtrec,'sym4'); 

y = abs(y).^2; 

% Signal Processsing Toolbox™. findpeaks to locate the peaks 

[qrspeaks,locs] = findpeaks(y,tm,'MinPeakHeight',1000,... 

'MinPeakDistance',80); 

% Plot the R-peak waveform  

plot(tm,y) 

hold on 

plot(tm(f2o01RPeaksPosition),y(f2o01RPeaksPosition),'ro') 

plot(locs,qrspeaks,'k*') 

xlabel('Seconds') 

title('R Peaks Localized by Wavelet Transform with Automatic 

Annotations') 



   
 

46 

 
Figure 39 ECG excerpt from f2o01 with R-peaks gathered from Wavelet (black asterisk) and Annotation (red circle) 

 

 Find in Code 5 Matlab commands and functions used to plot the graph in Figure 

39. 

 
Code 5 Matlab code to locate R-peaks using wavelets and Annotation in ECG time series 

 

6.2.2. Data structure and input format 

 

 This step is dedicated to analyze each beat in order to identify other missing 

variables (P, Q, S and T peak values) using R-peak information gathered in section 

6.2.1. It has been implemented the following algorithm using C/C++ language. Find in 

Code 6 the data structure for processing ECG array and beat information. 

 

% Find R-peaks Position localized by Wavelet  

[val,pos] = intersect(tm,locs); 

clf('reset') 

% Plot ECG time series 

plot(f2o01(:,1),f2o01(:,2));hold on;grid on 

% Plot R-peak position localized by Annotation 

plot(f2o01(f2o01RPeaksPosition,1),... 

f2o01(f2o01RPeaksPosition,2),'or') 

% Plot R-peak position localized by Wavelet 

plot(tm(pos),ecgsig(pos),'k*') 
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Code 6 Data structure for reading ECG data and  

 
 Code 7 shows the algorithm for reading the files with ECG data samples and R-

peaks position. 

 
Code 7 Read input data from 2 different sources: ECG (timestamp and value) and R-peak (position in ECG) 

 

typedef struct 

{ 

    int tm;  //timestamp (tick – frequency of 250 ticks/second) 

    int signal;  //value (adu) 

}point; 

typedef struct 

{ 

    //Position in “point” array of all ECG entries (start with 1) 

    int posP; 

    int posQ; 

    int posR; 

    int posS; 

    int posT; 

    int QRS;  //value (number of ticks) between Q-peak and S-peak 

    int QT;   //value (number of ticks) between Q-peak and T-peak 

    int ST;   //value (number of ticks) between S-peak and T-peak 

    int PR;   //value (number of ticks) between P-peak and R-peak 

    int RR;   //value (number of ticks) of RR-interval 

}beat; 

int main( int argc, char *argv[] ){ 

    vector <point> ECG;   //Sequence of entries for entire ECG 

    vector <beat> beats;   //Sequence of beats in ECG 

. . .  

//read ECG data: ECG[] 

    while((read = fscanf(fp01, "%d %d", &tempPoint.tm, 

&tempPoint.signal)) == 2){ 

     ECG.push_back(tempPoint); 

    } 
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 Find in Code 8 the algorithm to gather minimum and maximum local in ECG 

time series in order to identify the possible candidates for P, Q, S and T values for each 

beat. 

 
Code 8 Finding minimum and maximum local to find P, Q, S and T values 

 
 The next step is dedicated to select the best variable based on the possible 

candidates previously identified. Each beat has been split in 4 parts to select P, Q, S and 

T values. Firstly, it has been identified Q and S values in Part 2 and Part 3, respectively. 

It has been done finding the lowest minimum locals candidates for this segment. The 

//read total of beats, R-position: beats[] 

    while((read = fscanf(fp02, "%d", &tempBeat.posR)) == 1){ 

     beats.push_back(tempBeat); 

    } 

} 

int main( int argc, char *argv[] ){ 

. . . 

    vector <int> posMaxLocal; 

    vector <int> posMinLocal; 

. . . 

    int totalBeats = beats.size(); 

    int totalECG = ECG.size(); 

    for(int i = 1; i < totalECG-1; i++){ 

        if(ECG[i].signal >= ECG[i-1].signal && ECG[i].signal >  

     ECG[i+1].signal){ 

         posMaxLocal.push_back(i+1); 

        } 

        if(ECG[i].signal <= ECG[i-1].signal && ECG[i].signal <  

     ECG[i+1].signal){ 

         posMinLocal.push_back(i+1); 

        } 

    } 

. . . 

} 
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next variables to be found is P-peak and T-peak remaining from Part 1 and Part 4 

segments, respectively. Find in Figure 40 algorithm’s illustration. 

 
Figure 40 Beat split in four parts for P-peak, Q-peak, S-peak and T-peak identification 

 Find in Code 9 the algorithm for generating the output files with all beat 

information. The first five values are composed with the position of P, Q, R, S and T in 

ECG time series. Following, there are five peaks values (adu/mV unit). Finally, the last 

five variables are QRS, QT, ST, PR and ST segments values. It is possible identify that 

each beat contains fifteen variables. 

 
Code 9 Output values for each subject 

 

int main( int argc, char *argv[] ) 

{ 

. . . 

    for(int i = 1; i < totalBeats-1; i++){ 

    . . . 

    beats[i].QRS = beats[i].posS - beats[i].posP; 

    beats[i].QT = beats[i].posT - beats[i].posQ; 

    beats[i].ST = beats[i].posT - beats[i].posS; 

    beats[i].PR = beats[i].posR - beats[i].posP; 

    beats[i].RR = beats[i].posR - beats[i-1].posR;   

. . . 
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 Finally, the generated data is imported to Matlab for data understading. The 

algorithm has been showed efficient for identifying P, Q, S and T values. On one hand, 

there are other techniques well consolidated to gather this information using wavelets 

for noise reduction and peaks identification. On the other hand, this simplified 

algorithm showed efficient for the purpose avoiding manual adjustment, as exemplified 

in Figure 39. Find in Figure 41 the illustration of ECG time series with P, Q, R, S and T 

peaks values for a 2 minutes excerpt from the subject f2o01. 

 
Figure 41 ECG time series with P, Q, R, S and T peaks for subject f2o01 from Fantasia database. 

. . . 

fprintf (fp04, "%d\t%d\t%d\t%d\t%d\t%d\t%d\t%d\t%d\t%d\t%d\t%d\t%d 

   \t%d\t%d\n",  

   beats[i].posP, beats[i].posQ,beats[i].posR,  

   beats[i].posS, beats[i].posT,   

   ECG[beats[i].posP].signal,    

   ECG[beats[i].posQ].signal,    

   ECG[beats[i].posR].signal,    

   ECG[beats[i].posS].signal,    

   ECG[beats[i].posT].signal,  

   beats[i].QRS, beats[i].QT, beats[i].ST,  

   beats[i].PR, beats[i].RR 

       ); 

    } 

} 
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 It is also possible verify in Table 5 the final amount of beats (# beats) gathered 

from 2 minutes ECG time series excerpts for each subject (ID). 
Table 5 Number of beats from each subject 

ID # beats 
 

ID # beats 
 

ID # beats 
 

ID # beats 
f1o01 123 

 
f2o01 118 

 
sddb30 143 

 
sddb44 185 

f1o02 117 
 

f2o02 105 
 

sddb31 143 
 

sddb45 127 
f1o03 123 

 
f2o03 110 

 
sddb32 145 

 
sddb46 134 

f1o04 99 
 

f2o04 122 
 

sddb33 101 
 

sddb48 190 
f1o05 113 

 
f2o05 134 

 
sddb34 128 

 
sddb50 89 

f1o06 101 
 

f2o06 88 
 

sddb35 151 
 

sddb51 125 
f1o07 119 

 
f2o07 102 

 
sddb36 120 

   f1o08 140 
 

f2o08 117 
 

sddb37 81 
   f1o09 80 

 
f2o09 104 

 
sddb38 158 

   f1o10 142 
 

f2o10 144 
 

sddb41 206 
    

6.3. Data Transformation 
 As mentioned previously, there are two kinds of information gathered from 

subjects, segments and peaks. In order to prepare databases to apply data mining 

techniques, the input data range should be transformed to stay between -1 and 1 and 

output data range between 0 and 1.  

 It has been necessary because of the use of Neural Network methods, specially 

feed forward back propagation [60]. There are two output groups. The first one is from 

Fantasia database that represents the subjects without risks of VF events. The output 

value for these entries will be zero percent (0%), which represents low probability of 

having cardiac arrest.   

 The second one is the group of Sudden Cardiac Holter (SDDB) database that 

represents the subjects (patients) with high risk of VF events. The output value for these 

entries will be one, representing a hundred percent (100%) probability of having cardiac 

arrest.  

 The segments input data have the same unit of measure scale for all subjects 

from both databases. The clock frequency is 250 ticks per second. Find in Figure 42 

data distribution graph using box plot analysis. The current range value of all segment 

variables is between zero (0) and five hundred thirty one (531).  

 As shown in Figure 42 (left graph), it is possible verify the QRS, QT, ST, PR 

and RR data distributions for the database Sudden Cardiac Holter. The second one 

(right graph) represents the segments from database Fantasia (without cardiac disease 

risk). The red points represent outliers. Also, it is possible verify that the data range of 
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subjects with cardiac arrest risk (SDDB) is wider than the data range of subjects without 

cardiac arrest risk (Fantasia). 

 

 
Figure 42 Box plot with the distribution of segments (QRS, QT, ST, PR and RR) values for Sudden Cardiac Holter 

(left) and Fantasia (right) databases 

 On the other hand, peaks information has different scales of measurement and 

needs more transformation steps, as shown in Table 4. It means that there are different 

resolutions values that should be transformed as described following. The subjects have 

both 12-bit resolution (“sddb??” and “f2o??”) and 16-bits resolution (“f1o??”). 

 It has been used two approaches to make possible compare different subjects by 

transforming all peaks values in a standard scale.  

 The first pattern used is called “Data Range 01 (peaks)”, which defines the 

upper and lower limits for peaks considering each subject individually. The upper and 

lower limits data range will be defined excluding outliers’ values. It has been the same 

upper and lower limit for all subject samples. Find more information in section 6.3.1.  

 The second pattern used is called “Data Range 02 (peaks)”, which defines the 

upper and lower limits for peaks considering only a subgroup among 1, 3, 6 and 9 

samples sequence (signatures with 1, 3, 6 and 9 beats). This approach has a higher level 

of granularity than the previous one. Each subgroup form a subject could have different 

upper and lower limits. For example, in a model with 6 beat timeframe analysis the 

algorithm will find the maximum and minimum values for every sequence of 6 samples. 

The final objective is transform peaks values to a range between -1 and 1. Find more 

information in section 6.3.2. 
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6.3.1. Data Range 01 (peaks) - Establishment of upper and lower limits for peaks 

considering each subject individually  

 This technique was applied in peaks values to make possible the comparison 

among different subjects. The main point is collecting the beats variance along the ECG 

time series for each subject. Figure 43 and Figure 44 shows sddb46 subject example 

with the information of peaks (P, Q, R, S and T) and its limits.  

 
Figure 43 Box plot analysis with the distribution of P, Q, R, S and T peaks for the patient sddb46 from Sudden Death 

Holter (SDDB) database, in which the red point represents outliers. The current limit range is between -500 and 780 

adu. The new limit range is between -1 and 1. 

 For this example the upper and lower limits do not consider outliers to find 

maximum and minimum values. It occurs to avoid situations that few beats distort 

overall range. 

 
Figure 44 ECG time series with P, Q, R, S and T peaks for the patient sddb46 from database Sudden Death Holter 

(SDDB) database. The current limit range is between -500 and 780 adu. The new limit range is between -1 and 1 
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 Find in Figure 44 the illustration of a 2 minutes excerpt with the current and new 

range. The outliers are not removed from analysis, which the values are adjusted for the 

lower or upper limit. 

6.3.2. Data Range 02 (peaks) - Establishment of upper and lower limits for peaks 

considering each beats grouping (1, 3, 6 and 9 beats)  

 This technique transforms peaks values to make possible the comparison among 

different subjects. Figure 45 shows f2o03 subject example with the 3 and 6 peaks 

grouping representation of the current upper and lower values.  

 
Figure 45 Beats grouping for identify minimum and maximum values 
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7. Data mining models 
 This section describes patterns, techniques and architectures for training and test 

data mining models. Different scenarios have been analyzed in order to identify the 

most efficient models and relevant variables. It has been followed the KDD process 

described in section 4. 

 Signature is a combination of 1 beat, 3 beats, 6 beats and 9 beats sequence. Each 

signature is a single entry (sample) for data mining models. Indeed, it has been analyzed 

different types of variable combinations (segments and peaks) for each signature. The 

first approach used is defining signatures with peaks values only (P, Q, R, S and T). The 

second combination is composed by segments values (QRS, QT, ST, PR and RR). 

Finally, the last combination contains both types of information (segments and peaks). 

 It has been used a pattern name for this section, indicating the dataset and 

model. Find bellow the explanation. 

 

 
 

 The first part of the name indicates the dataset used, which could be DataSign01 

or DataSign02 as described in sections 6.3.1 and 6.3.2, respectively. Moreover, there are 

signatures with 1 beat, 3 beats, 6 beats or 9 beats sequence that are represented by the 

name null, x3, x6 and x9. In addition, each signature could have three combinations of 

variables represented only by peaks values (5 variables), by segments values (5 

variables) or a combination of both (10 variables). Finally, data mining models were 

created using 8-fold cross validation.  

 Each subject (person) dataset was used only for training or testing. The use of 

distinct ECG data segments from the same subject for both training and testing showed 

over optimistic results (from 95% to 100% or accuracy). Indeed, there is no added value 

measure the cardiac arrest risk for some subject that the ECG is used for training.  

 Each k-fold cross validation dataset is represented by training input values 

(IN01, …, IN05), training output values (OUT01, …, OUT08), test input values 

(TEST01, …, TEST08), test output values (TESTOUT01, …, TESTOUT08) and 

predicted output values (PRED01, …, PRED08). 
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 There has been applied 6 data mining types, consisting in Decision Tree 

(complex and simple analysis), k-nearest neighbors (kNN), support vector machine 

(SVM), logistic regression and neural networks. It has been generated 144 data mining 

models  (6 data mining types x 3 variables combination (Seg, Peak and Both) x 4 beats 

combination (1, 3, 6 and 9 beats) x 2 databases). This document contains the most 

relevant information, graphs and insights in order to achieve the objectives proposed in 

section 3. 

7.1. Results 
 Find in Table 6 and Table 7 the 8-fold cross-validation accuracy for all 

techniques and types of model. It is possible verify that the worst results are the models 

with peak only variables. SVM model is an exception, because the model with both 

variables (peak and segment, row 4) has similar accuracy to models that have only peak 

variables (row 9). Indeed, models for DataSign01_Seg and DataSign02_Seg are equal, 

as detailed in section 6.3. Because of it, it is possible verify in Table 7 that rows 12 until 

16 are hidden. It is not possible interpret the models SVM, kNN and neural networks 

because of the existence of multiple variables or non-linear algorithms, as described in 

section 5. On the other hand, logistic regression and decision tree techniques contain 

relevant information and variables to be interpreted analyzing the structure of the model 

developed.  

 
Table 6 DataSign01 cross validation (8-fold) accuracy 

 
DataSign01 DataSign01x3 DataSign01x6 DataSign01x9 

1. Decision Tree Complex 82% 85% 83% 87% 
2. Decision Tree Simple 82% 84% 78% 85% 
3. KNN 89% 86% 84% 86% 
4. SVM 78% 71% 67% 67% 
5. Logistic Regression 87% 88% 86% 83% 
6. Neural Net 87% 88% 81% 83% 
7. Decision Tree Simple (Peak) 65% 68% 66% 65% 
8. KNN (Peak) 66% 70% 72% 73% 
9. SVM (Peak) 72% 78% 68% 68% 
10. Logistic Regression (Peak) 75% 79% 77% 77% 
11. Neural Net (Peak) 71% 73% 75% 74% 
12. Decision Tree Simple (Segment) 77% 80% 74% 79% 
13. KNN (Segment) 87% 91% 90% 90% 
14. SVM (Segment) 89% 91% 89% 88% 
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15. Logistic Regression (Segment) 81% 82% 81% 76% 
16. Neural Net (Segment) 92% 90% 92% 79% 

 
Table 7 DataSign02 cross validation (8-fold) accuracy 

 
DataSign02 DataSign02x3 DataSign02x6 DataSign02x9 

1. Decision Tree Complex 80% 87% 82% 86% 
2. Decision Tree Simple 82% 85% 75% 86% 
3. KNN 81% 86% 87% 87% 
4. SVM 76% 73% 69% 70% 
5. Logistic Regression 81% 81% 81% 78% 
6. Neural Net 86% 79% 81% 79% 
7. Decision Tree Simple (Peak) 64% 51% 67% 61% 
8. KNN (Peak) 64% 66% 67% 67% 
9. SVM (Peak) 67% 71% 65% 66% 
10. Logistic Regression (Peak) 71% 74% 76% 77% 
11. Neural Net (Peak) 69% 67% 68% 64% 
12. Decision Tree Simple (Segment) - - - - 
13. KNN (Segment) - - - - 
14. SVM (Segment) - - - - 
15. Logistic Regression (Segment) - - - - 
16. Neural Net (Segment) - - - - 

 

 Next sections shows that typically models with 1 or 3 beats sequence have better 

convergence and efficiency. Consequently, models with 6 or 9 beats have less accuracy 

or sometimes it is not statistically relevant.  

7.2. Decision Tree 
 There are two kinds of decision tree models, the complex analysis and simplified 

analysis as described in section 5.1. It is also possible identify in Table 6 and Table 7 

that models performance are equivalent, which the accuracy vary less than 2 percent in 

models with 1 and 3 beats. As result, the simple tree model is selected for interpreting 

the results.  

 There are some model analysis described in this section for datasets 

DataSign01_IN01, DataSign01_x3_IN01, DataSign01_x6_IN01 and 

DataSign01_x9_IN01. Furthermore, it is possible verify in attachment “11.1 Appendix - 

Decision Tree” other decision tree models generated for cross validation analysis 

(DataSign01_IN01, DataSign01_IN02, DataSign01_IN03, DataSign01_IN04, 

DataSign01_IN05, DataSign01_IN06, DataSign01_IN07 and DataSign01_IN08). 
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Finally, it has been identified that DataSign01 and DataSign02 models have equivalent 

results for the objectives defined in section 3.  

 The input range values are between -1 and 1 as detailed in section 6.3. Indeed, 

segment values have been transformed in seconds for better interpretation. Find in 

Figure 42 the original data range for all segment values, which the values are between 0 

and 531 ticks (each tick represents 4 milliseconds). Consequently, the equivalent values 

are between 0 and 2.124 seconds (531 ticks x 4 milliseconds) for segments variables. 

 It is possible verify in Figure 46 and Table 8 the relation among variables RR, 

QT and ST for identifying cardiac arrest risk. At the first level, the model indicates that 

people in rest state that has RR-interval less than 0.842 seconds have high cardiac arrest 

risk. However, this affirmative is not valid. It occurs because RR-interval of 0.842 

seconds represents 71 beats per second (BPM). As result, it is not relevant affirm that 

people with less than 71 BPM have cardiac arrest risk.  

 On the other hand, it is possible verify valuable information combining other 

branches with QT, RR and ST values. For example, people with RR-interval greater 

than 0.842 seconds and QT value greater than 0.41 seconds have high risk to have 

cardiac arrest. Indeed, other branch shows that RR-interval greater than 0.842 seconds, 

QT less than 0.41 seconds and ST less than 0.174 seconds have high cardiac arrest risk. 

 

 
Figure 46 Decision Tree, DataSign01, IN01 
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Table 8 DataSign01, IN01, values converted in seconds 

Dataset Beat Variable Value in 
model 

Value in ticks 
(original) 

Value in seconds 
(250 ticks per sec) 

DataSign01_IN01 Beat 1 RR -0.207156309 210.5 0.842 
DataSign01_IN01 Beat 1 QT -0.1393597 102.5 0.41 
DataSign01_IN01 Beat 1 ST -0.836158192 43.50000002 0.174 

 

 Table 9 and Figure 47 shows that the model with 3 beats sequence has 

equivalent analysis. The main difference is that QT information is gathered from Beat 2 

instead of Beat 1. 

 
Figure 47 Decision Tree, DataSign01x3, IN01 

Table 9 DataSign01x3, IN01, values converted in seconds 

Dataset Beat Variable Value in 
model 

Value in ticks 
(original) 

Value in seconds 
(250 ticks per sec) 

DataSign01x3_IN01 Beat 1 RR -0.214689266 208.5 0.834 
DataSign01x3_IN01 Beat 2 QT -0.625235405 99.49999997 0.398 
DataSign01x3_IN01 Beat 1 ST -0.836158192 43.50000002 0.174 

 

 Model with 6 beats sequence has the same variables comparing with models 

containing 1 and 3 beats sequence, as shown in Table 10 and Figure 48. Indeed, the 

borderline values are equivalent. 
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Figure 48 Decision Tree, DataSign01x6, IN01 

 
Table 10 DataSign01x6, IN01, values converted in seconds 

Dataset Beat Variable Value in 
model 

Value in ticks 
(original) 

Value in seconds 
(250 ticks per sec) 

DataSign01x6_IN01 Beat 1 RR -0.207156309 210.5 0.842 
DataSign01x6_IN01 Beat 4 QT -0.610169492 103.5 0.414 
DataSign01x6_IN01 Beat 3 ST -0.836158192 43.50000002 0.174 

 

 Finally, the model represented with 9 beats sequence has different variables 

(QRS, QT, Q and RR), as shown in Table 11 and Figure 51. Q value is the peak 

intensity, as described in section 6.3. The decision tree branches showed that people 

with QRS segment greater than 0.214 seconds and Q value intensity is not closer to the 

bottom limit have higher cardiac arrest risk. 
Table 11 DataSign01x9, IN01, values converted in seconds 

Dataset Beat Variable Value in 
model 

Value in ticks 
(original) 

Value in seconds 
(250 ticks per sec) 

DataSign01x9_IN01 Beat 1 QRS -0.798493409 53.50000004 0.214 
DataSign01x9_IN01 Beat 8 QT -0.61393597 102.5 0.41 
DataSign01x9_IN01 Beat 2 Q -0.719161813 Not Applicable Not Applicable 
DataSign01x9_IN01 Beat 9 RR -0.29566855 187 0.748 
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Figure 49 Decision Tree, DataSign01x9, IN01 

 It is possible verify that a combination of QRS, QT, RR, ST and Q variables are 

present in all models generated (DataSign01 and DataSign02 databases). Indeed, there 

is little variation in the borderline variables’ values overall models. Find in section 11.1 

more decision tree models. Moreover, there is relevant information generated by models 

when it is combined 2 or more variables. 

 Decision tree model shows relevant information that generates insights for 

future studies. It is possible evaluate the use of the most significant segment variables 

for chronic diseases classification. There are papers [26, 27, 28, 30, 61] correlating and 

measuring the importance of QT interval, QRS duration, T-wave alternant, heart rate 

variability (HRV) and PQ interval with cardiac diseases and arrhythmias prediction 

individually or not considers variables relevance.  

 For example, find in Figure 10 [61] the QT scale identifying normal, short and 

long QT syndromes (SQTS and LQTS respectively). It identifies that QTc (𝑄𝑇𝑐 = !"
!!

) 

greater than 0.47 seconds could be classified as very long QT that are directly 

associated with cardiac arrest risk. Considering this, QTc segment gathered from some 

models (i.e. Table 11) are near from 0.47 seconds (i.e. 𝑄𝑇𝑐 = !"
!!
= !.!"

!.!"#
= 0.47), 

which this analysis is aligned with state-of-the-art papers. It is important highlight that 

the terminology of QT interval in these papers and QT segment in this work are 
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different, but it could be compared with some margin of error. Find more information in 

section 6.2 (Figure 35). 

 In addition, there are relevant insights in this model. It shows that is possible 

predict specific health situations using multiple variables instead of using only one 

parameter. Finally, the contribution of this work is identifying the possibility of cardiac 

arrest risk measurement by analyzing a combination of QRS, QT, RR, ST and Q values 

with a sequencing of 3, 6 and 9 beats. It should have specific tests and a large dataset to 

validate this hypothesis, but this approach seems promising for measuring cardiac arrest 

risk. 

7.3. Logistic Regression 
 This section describes models and insights generated using binary logistic 

regression. It is possible interpret the relevance of the variables and model performance. 

Find in Table 12 the accuracy of logistic regression models using 8-fold cross validation 

for DataSign01 and DataSign02. As identified in other techniques, models with only 

peak variables have worst results. 

 
Table 12 Logistic Regression accuracy using 8-fold cross validation (CV) for DataSign01 and DataSign02, including 

variance of beats sequence (1, 3, 6 and 9 beats) and combination of variables (peak, segment and both) 

 

IN01 IN02 IN03 IN04 IN05 IN06 IN07 IN08 Final 

DataSign01 97,2% 95,3% 93,0% 67,9% 89,2% 63,9% 87,2% 100% 86,7% 

DataSign01x3 98,2% 99,4% 99,5% 62,2% 92,2% 66,5% 85,7% 99,4% 87,9% 

DataSign01x6 97,5% 94,0% 94,6% 64,6% 88,9% 68,6% 82,9% 98,8% 86,2% 

DataSign01x9 92,5% 96,3% 87,1% 68,3% 76,2% 62,5% 82,4% 98,2% 82,9% 

DataSign02 90,6% 94,9% 93,7% 50,4% 88,7% 46,6% 81,6% 100% 80,8% 

DataSign02x3 98,2% 96,4% 98,4% 48,7% 86,8% 54,9% 79,2% 84,2% 80,9% 

DataSign02x6 100% 100% 84,9% 64,6% 90,5% 48,8% 78,9% 79,8% 80,9% 

DataSign02x9 73,6% 94,4% 87,1% 73,0% 73,8% 50,0% 80,4% 89,1% 77,7% 

DataSign01Peak 95,4% 72,8% 88,2% 54,9% 71,3% 54,4% 80,7% 83,2% 75,1% 

DataSign01x3Peak 96,4% 77,8% 91,0% 63,7% 64,3% 53,8% 83,1% 99,4% 78,7% 

DataSign01x6Peak 96,3% 75,9% 83,9% 60,4% 61,9% 54,7% 84,2% 98,8% 77,0% 

DataSign01x9Peak 96,2% 70,4% 96,8% 57,1% 66,7% 50,0% 82,4% 98,2% 77,2% 

DataSign02Peak 94,6% 76,4% 88,8% 21,9% 69,5% 40,3% 78,4% 95,2% 70,6% 

DataSign02x3Peak 95,8% 77,8% 95,2% 51,8% 62,8% 49,1% 78,6% 80,7% 74,0% 

DataSign02x6Peak 97,5% 77,1% 91,4% 61,5% 65,1% 54,7% 78,9% 84,5% 76,3% 

DataSign02x9Peak 96,2% 74,1% 93,5% 66,7% 71,4% 46,4% 80,4% 87,3% 77,0% 
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DataSign01Seg 67,0% 96,5% 97,2% 59,1% 85,1% 57,2% 83,5% 98,5% 80,5% 

DataSign01x3Seg 69,1% 100% 100% 51,3% 90,7% 58,4% 83,8% 99,4% 81,6% 

DataSign01x6Seg 67,9% 100% 100% 51,0% 92,1% 53,5% 82,9% 97,6% 80,6% 

DataSign01x9Seg 69,8% 96,3% 96,8% 49,2% 88,1% 39,3% 80,4% 89,1% 76,1% 

DataSign02Seg 67,0% 96,5% 97,2% 59,1% 85,1% 57,2% 83,5% 98,5% 80,5% 

DataSign02x3Seg 69,1% 100% 100% 51,3% 90,7% 58,4% 83,8% 99,4% 81,6% 

DataSign02x6Seg 67,9% 100% 100% 51,0% 92,1% 53,5% 82,9% 97,6% 80,6% 

DataSign02x9Seg 69,8% 96,3% 96,8% 49,2% 88,1% 39,3% 80,4% 89,1% 76,1% 

 

 In order to exemplify the performance of the model, find in Figure 50 the ROC 

curve for DataSign01_IN01 and DataSign01_IN06. The final accuracy of DataSign01 is 

86.7% and the graphs in Figure 50 represents the best (DataSign01_IN01) and worst 

(DataSign01_IN06) performance, respectively.  

 
Figure 50 ROC curve for DataSign01_IN01 and DataSign_IN06 dataset 

 

 As mentioned in section 6.3, the input variables values range are between -1 and 

1. Considering this, it is possible analyze which variables have positive or negative 

influence in cardiac arrest risk model. Indeed, models with p-value greater than 0.05 are 

not statistically significant. For example, Table 13 describes three models, 

DataSign01_IN01, DataSign01_Peak_IN01 and DataSign01_Seg_IN01. So, it is 

possible calculate the cardiac arrest risk for DataSign01_IN01 using the equations 

described in section 5.4. 
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	 Indeed,	 it	 is	 possible	 verify	 that	 ST	 value	 is	 not	 statistically	 relevant	 for	

DataSign01_IN01	 and	 DataSign01_Seg_IN01	 (p-value	 >	 0.05).	 The	 column	 with	

beta	(B)	shows	that	segments	values	range	(-10.33	to	33.08)	 is	wider	than	peaks	

values	range	(-4.19	to	3.23).	It	indicates	that	segment	values	have	more	variability	

influence	for	predicting	cardiac	arrest	risk.	DataSign01_IN01	describes	that	RR	p-

value	is	5.23E-93,	representing	the	lowest	p-value	in	this	model.	It	shows	that	RR	

variable	is	one	of	the	variables	most	statistically	relevant.	

 
Table 13 Logistic Regression model (beta and p-value) for DataSign01_IN01 with 1 beat for the different 

combination of variables (Peak, Segment and Both) 

  
DataSign01 DataSign01Peak DataSign01Seg 

  
B p-value B p-value B p-value 

 
α 39,56 2,47E-72 7,45 5,51E-108 28,07 5,14E-60 

Beat 1 P 2,23 4,26E-07 0,17 6,30E-01 - - 
Beat 1 Q 3,23 4,34E-11 7,86 1,51E-87 - - 
Beat 1 R -2,40 3,13E-11 -2,14 4,66E-25 - - 
Beat 1 S 7,97 1,51E-42 4,58 2,71E-48 - - 
Beat 1 T -4,19 1,47E-24 -7,30 4,70E-174 - - 
Beat 1 QRS 28,27 6,39E-17 - - 23,96 2,72E-19 
Beat 1 QT 33,08 1,46E-31 - - 25,35 5,28E-30 
Beat 1 ST -2,48 3,62E-01 - - -6,74 4,17E-03 
Beat 1 PR -11,41 4,24E-04 - - -0,98 6,80E-01 
Beat 1 RR -10,33 5,23E-93 - - -10,45 2,55E-145 

 

 The next step of the analysis is identifying which variable have positive and 

negative influence in the cardiac arrest risk probability. For example, RR beta (B) value 

is -10.33 for DataSign01_IN01. It indicates that if RR value are positive (between 0 and 

1), it contributes for decreasing the probability because the result of “RR * (-10.33)” are 

negative. On the other hand, if RR is negative (between -1 and 0), it contributes for 

increase the cardiac arrest risk probability. 

 Transforming the segments from the values used in training (between -1 and 1) 

to the original values (between 0 and 2.124 seconds) it is possible concludes that RR-

interval greater than 1.062 seconds (almost 59 BPM) reduces the risk of cardiac arrest. 

On the other hand, RR-interval less than 1.062 seconds increases the risk of cardiac 

arrest. This assumption is reinforced with the histogram analysis for the 

DataSign01_IN01, as shown in Figure 51. It is possible verify in row 1 the RR values 

distribution. Column 1 contains all input values for DataSign01_IN01. Column 2 
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contains inputs for subjects with NO RISK of cardiac arrest. Finally, column 3 

represents inputs for subjects with high RISK of cardiac arrest. Comparing the graphs of 

column 2 and 3 it is possible identify that the peak of the normal curve for NO RISK 

people (RR value) is close to zero and the same variable for subjects with RISK 

(column 3) is negative.  

 Additionally, it is possible verify that QRS, QT and ST values distribution 

indicates that all entries are negative (rows 2, 3 and 4). Indeed, subjects with NO RISK 

have the normal distribution more concentrated in a certain point of the range. On the 

other hand, RISK subjects have range values wider distributed. 

 
Figure 51 Histogram analysis of DataSign01_IN01 for RR, QRS, QT and ST values. (Right) data from all subjects. 

(Centre) data from subjects with NO RISK classification. (Left) data from subjects with RISK classification 

 Furthermore, it has been analyzed models that contain 3, 6 and 9 beats 

sequences. Find in section 11.2 the model information for DataSign01 and DataSign02 

that contains a combination of beats sequence (3, 6 and 9 beats) and variable 

combination (peak, segment and both). It is possible verify that models with 6 and 9 

beats sequence are not statistically significant because all p-values are equal to 1. On the 
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other hand, find in Table 14 the information of a model with 3 beats sequence. It is 

possible have similar conclusions about variables relevance comparing with previous 

model (only 1 beat). The segments variables are the most relevant in the model, which 

QRS and QT beta (B) are mainly positive values and PR and RR betas (B) are mainly 

negative values.  

 Logistic regression models with 3 beats sequence have p-values less negative 

than models with only 1 beat. As shown in Table 14, some p-values of 3 beats 

sequencing models are between 0.01 and 0.05, in which it is considered moderately 

strong. 

 
Table 14 Logistic Regression (beta and p-value) model for DataSign01_IN01 with 3 beat for the different 

combination of variables (Peak, Segment and Both) 

  
DataSign01x3 DataSign01x3Peak DataSign01x3Seg 

  
B p-value B p-value B p-value 

 
α 87,32 2,98E-14 13,15 1,12E-45 28,70 1,72E-09 

Beat 1 P 4,67 1,81E-02 -0,26 7,26E-01 - - 
Beat 1 Q 0,63 8,00E-01 3,58 1,05E-04 - - 
Beat 1 R -5,00 3,82E-03 -0,52 3,46E-01 - - 
Beat 1 S 3,82 5,52E-02 2,84 9,25E-04 - - 
Beat 1 T 2,06 3,18E-01 -6,40 3,24E-12 - - 
Beat 1 QRS -3,99 7,45E-01 - - -1,70 8,26E-01 
Beat 1 QT 40,47 9,22E-05 - - 20,16 2,28E-04 
Beat 1 ST -23,49 3,84E-02 - - -18,25 4,98E-03 
Beat 1 PR 7,66 5,43E-01 - - 1,19 8,82E-01 
Beat 1 RR -7,30 2,12E-04 - - -1,79 1,63E-01 
Beat 2 P 1,68 5,25E-01 -0,12 8,81E-01 - - 
Beat 2 Q -3,98 1,27E-01 5,57 9,98E-10 - - 
Beat 2 R 1,08 4,67E-01 -1,42 1,28E-02 - - 
Beat 2 S 7,38 4,76E-04 2,46 4,73E-03 - - 
Beat 2 T -6,22 3,92E-04 -5,32 1,84E-09 - - 
Beat 2 QRS 37,97 3,48E-03 - - 11,61 1,54E-01 
Beat 2 QT 33,45 3,47E-04 - - 17,97 6,84E-04 
Beat 2 ST 1,97 8,37E-01 - - -4,09 5,31E-01 
Beat 2 PR -29,43 2,17E-02 - - -2,32 7,73E-01 
Beat 2 RR -9,74 5,46E-06 - - -6,57 1,70E-07 
Beat 3 P 1,59 4,20E-01 -0,56 4,43E-01 - - 
Beat 3 Q 1,25 6,26E-01 3,79 8,30E-05 - - 
Beat 3 R -2,17 1,68E-01 -1,71 1,86E-03 - - 
Beat 3 S 11,08 5,91E-06 3,61 2,88E-05 - - 
Beat 3 T 0,56 6,92E-01 0,57 3,16E-01 - - 
Beat 3 QRS 4,23 7,39E-01 - - 5,42 4,84E-01 
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Beat 3 QT 35,52 1,16E-04 - - 16,95 5,66E-04 
Beat 3 ST -4,01 6,97E-01 - - -3,49 5,61E-01 
Beat 3 PR 9,21 4,81E-01 - - 3,81 6,35E-01 
Beat 3 RR -6,67 1,41E-03 - - -6,03 2,12E-06 

 

 After applying the model, the predicted results will return a value between 0 and 

1 that represents the probability of cardiac arrest risk. It has been established a threshold 

to have a binary classification. It is possible verify in Figure 52 the histogram analysis 

of the predicted result (DataSign01_PRED01, DataSign01_Peak_PRED01 and 

DataSign01_Seg_PRED01).  

 

 
Figure 52 Predicted values for model trained with DataSign01_IN01 (input test values DataSign01_TEST01 and 

output values DataSign01_PRED01), including variance of beats sequence (1, 3, 6 and 9 beats) and combination of 

variables (peak, segment and both) 

 The first column contains results gathered from a combination of all variables 

(peaks and segments), the second column contains values from peaks only and the third 



   
 

68 

column from segments. In addition, each row contains a combination of beats (1, 3, 6 

and 9 beats respectively). According p-values analysis, it is possible identify that 

models with 6 and 9 beats are not statistically relevant. Consequently, it has been 

analyzed only the differences between the histogram from rows 1 and 2.  

 The first column contains models with higher concentration of values at the 

poles (0 and 1). Indeed, models that generate a wide range of predicted output values 

could indicate low quality of measurement, as exemplified in row 1, column 2.  

 It was identified that a threshold with value of 0.6 achieves acceptable results. In 

addition, the models DataSign01_IN01 (row 1, column 1), DataSign01_x3_IN01 (row 

2, column 1), DataSign01_Seg_IN01 (row 1, column 3) and DataSign01_x3_Seg_IN01 

(row 2, column 3) have better converge. 

 Logistic regression and decision tree models interpretation bring equivalent 

conclusions. It is possible evaluate that models with 1 or 3 beats sequence achieves 

better results and could be used for cardiac arrest risk probability measurement. In 

addition, segment variables are more relevant than peak variables, in which typically the 

use of both achieves better results. Finally, it is not possible use 6 or 9 beats sequence 

models with logistic regression because it is not statistically relevant. 

7.4. Neural Network 
 It is used two different neural network techniques, feed-forward back 

propagation [62] and distributed time-delay neural network (distributed TDNN) [63]. 

The first model is used for creating signatures with only 1 beat. The second one is used 

for creating signatures with a sequence of beats (3, 6 and 9 beats).  

 Distributed TDNN are feed-forward back propagation networks with a dynamic 

component (TDL explained in section 5.6) in hidden and output layers for making 

possible use concurrent inputs. This technique is successfully used in different areas for 

sequential frequency and time domains time series, like voice recognition [64] and 

video streaming prediction [65]. 

 For models with 10 neurons in the input layers (combination of peak and 

segment values), it is used between 20 and 25 neurons in the hidden layer. It occurs 

because models trained with 10 neurons do not converge in this scenario. In addition, 

models trained with more than 20 hidden neurons do not have the performance 

improved. The same logic was applied for models with 5 neurons in the input layer 
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(only peaks or segments variables). For these models, the ideal number of hidden 

neurons is between 10 and 25.  

 Find in Figure 53 a typical example of mean squared error (MSE) evolution 

gathered from this work. It is possible identify that the model converges, because the 

test MSE (red line) decreases following the train MSE (blue line) when the number of 

epoch increase. The validation line represents the model check for adapting the neural 

network model among epochs in order to identify the best validation performance based 

on a stop criteria or manual stop.  

 The MSE evolution follows the pattern of the Figure 53 described for all models 

trained. Typically, the best validation performance (best MSE) varies between 1% and 

5%. There are few exceptions for distributed TDNN models with 9 beats, in which 

sometimes the best validation performance is between 5% and 10%. Indeed, the training 

process has been stopped manually because the MSE evolution was stable and do not 

reached the automatic stop criteria timely. 

 

 
Figure 53 Typical mean squared error (MSE) according epochs evolution. This model was trained with 

DataSign03_Seg _IN01 input. The graph includes the information about MSE for trained model (blue line), 

validation (green line), test dataset (redline) and the final model (dotted line with a circle highlighting the best model 

generated) 

 

 Find in Figure 54 an architecture representation for models with 1 beat and 10 

input variables (peaks and segments). It is possible verify that the green boxes represent 
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the input and output values. The hidden layer is composed by 25 hidden neurons, which 

“W” is the weights (matrix of 10 input values vs 25 hidden neurons = 250 values) and 

“b” is a constant value (25 values). The transfer function of the hidden layer is tan-

sigmoid (values between -1 and 1) and the following Output Layer the transfer function 

is log-sigmoid (values between 0 and 1). 

 
Figure 54 Neural Network architecture with 10 input variables (peaks and segments) and 25 hidden neurons. The 

Hidden Layer uses a tan-sigmoid (TANSIG) transfer function (output between -1 and 1) and the Output Layer uses a 

log-sigmoid (LOGSIG) transfer function (output between 0 and 1). The technique used was Feed-forward back 

propagation trained with Levenberg-Marquardt algorithm and performance adjusted using mean squared error (MSE) 

 

 In Figure 55 there is a model generated by distributed TDNN technique. It is 

possible verify some differences at the beginning of the layers. This model represents a 

3 beats sequence, which are illustrated by [0:2] before the “W” parameter. Indeed, there 

are only 5 input variables in this model (segments or peak only). Because of this, there 

are only 10 hidden neurons. The transfer function of the first layer is tan-sigmoid and of 

the second layer is log-sigmoid. 

 

 
Figure 55 Neural Network architecture with 5 input variables (segments or peaks) and 10 hidden neurons in first 

layer, using the tan-sigmoid (TANSIG) transfer function (output between -1 and 1). The second layer uses the log-

sigmoid (LOGSIG) transfer function (output between 0 and 1). The technique used was distributed Time-delay 

Neural Network (TDNN) with 3 beats range 

 

 The neuronal network of the Figure 56 is similar of the Figure 55. The 

differences are that it considers a 6 beat sequence [0:5] and 15 hidden neurons in first 

layer. 
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Figure 56 Architecture similar of Figure 55, but with 15 hidden neurons in first layers and 6 beats range 

 

 Similarly with the previews distributed TDNN architecture, find in Figure 57 the 

representation of a 9 beats model. 

 
Figure 57 Architecture similar of Figure 55, but with 15 hidden neurons in first layers and 9 beats range 

 

 The predicted data range generated by neural network model is between 0 and 1, 

representing the risk probability of a subject face cardiac arrest. So, it is necessary 

establish a threshold in order to classify the event into two different groups (risk and not 

risk). It is possible identify in Figure 58 (DataSign01) the histogram for predicted 

values, including variance of beats sequence (1, 3, 6 and 9 beats) and combination of 

variables (peak, segment and both). This analysis makes possible identify the best 

architecture and threshold for the models.  

 Find in Figure 58 (DataSign01) that models with only 1 beat (row 1) has output 

values between 0.5 (50%) and 1 (100%). Consequently, it is possible conclude that it is 

not a good model because it do not identify efficiently cases with low probability.  

 The entropy of signatures with 3 beats sequence shows that it generates relevant 

models. It occurs mainly for models using both peaks and segments values (row 2, 

column 1). Models with only segments values do not have good efficiency (entropy).  

 In addition, the results are equivalent comparing models with only peak values 

when it is used 3, 6 and 9 beats (column 2; rows 2, 3 and 4). On the other hand, it does 

not occur with models that use both variables (peak and segment) for 3, 6 and 9 beats 

sequencing (column 1; rows 2, 3 and 4). 
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Figure 58 Predicted values for Neural Network model trained with DataSign01_IN01 (input test values 

DataSign01_TEST01 and output values DataSign01_PRED01), including variance of beats sequence (1, 3, 6 and 9 

beats) and combination of variables (peak, segment and both) 

 In order to identify the best model, it is necessary evaluate the accuracy, as 

shown in Table 6 and Table 7. The conclusion is that models with 9 beats and only 

segment variable do not have good results. Finally, the best trade-off between accuracy 

and convergence are models with 3 and 6 beats with variables that contains only 

segment values or both (segment and peaks). The threshold established was 0.6. 
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8. Future Work 
 In section 6 it has been introduced the steps for gathering variables information 

(P, Q, R, S and T), which it was necessary costly manual effort for validating this 

information. It occurred mainly for gathering R-peak values. It would be important 

define another algorithm for gathering relevant information from ECGs. One of the 

alternatives would be use a high-level language for automatically processing this 

information in time series, like TESL [71].  

 Functions for gathering additional information from ECG in real-time, as well 

QRS/T angles, could be another improvement. Indeed, it would be necessary validate 

some insights gathered from the model into wider researches with large amount of 

patients. Currently it has been used only Physionet databases for train and test models. 

It is important test these models with another sources of information and databases in 

order to corroborate the insights. 

 There have been generated models with good accuracy and efficiency. Future 

works could explore a combination of techniques for testing possible performance 

improvements in measuring the probability of cardiac arrest risk. 

 Currently this work considers only patients as subjects. Additionally, it could be 

expanded for high performance athletes. For example, there are some situations that 

athletes faced cardiac arrest during competitions, like cycling and soccer matches. 

Nowadays, there are some solutions that could implement these techniques, like 

MyHeart [52] project and ZephyrLIFE HomeTM [54]. 

 The solution and objectives proposed in this work are relevant for mobile 

environments. So, it would be important integrate these models in a pragmatic way for 

gathering, processing and visualizing the insights generated by the models. Currently 

there are limitations for implementing these techniques in real time systems because of 

the gap of process automation.  

 Finally, it is important have models that consider non-linear parameters in order 

to identify waves design and patterns. Basically, the ECG wave format draw could bring 

hidden information from alternative models that are not considered in this project. 
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9. Conclusions 
 The objectives proposed for this work was achieved. One of the main insights is 

the possibility to measure multiple variables relevance (i.e. RR, QT and ST segments) 

in Ventricular Fibrillation (VF) events prediction. Some papers use unique parameters 

(i.e. QTc) for identifying predisposition for certain health condition, but do not associate 

multiple variables relevance into this model. It is not possible generalize this affirmative 

with the methods used in this work, but this approach seems relevant for future 

researches. 

 It is possible conclude that models with 1 and 3 beats sequencing generates more 

relevant information than other data mining techniques. Logistic regression and decision 

tree techniques generated models with 6 beats sequencing that could be used, but with 

worst performance than models with only 1 or 3 beats sequence. Indeed, models with 

only segment values (QRS, QT, ST, PR and RR) have better performance than models 

with only peaks values (P, Q, R, S and T).  

 Finally, it is possible achieve better results using a combination of both variables 

(segment and peaks). On the other hand, it is necessary evaluate the trade-off between 

the cost for gathering peaks values and the performance increase of using both variables 

(segment and peaks).  
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11. Appendices 

11.1. Appendix - Decision Tree 

 
Figure 59 Decision Tree, DataSign01, IN01 

 
Figure 60 Decision Tree, DataSign01, IN02 
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Figure 61 Decision Tree, DataSign01, IN03 

 
Figure 62 Decision Tree, DataSign01, IN04 
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Figure 63 Decision Tree, DataSign01, IN05 

 
Figure 64 Decision Tree, DataSign01, IN06 
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Figure 65 Decision Tree, DataSign01, IN07 

 
Figure 66 Decision Tree, DataSign01, IN08 

11.2. Appendix - Logistic Regression Models (beta and p-values) 
 
Table 15 Logistic Regression model (beta and p-value) for DataSign01_IN01 with 1 beat for the different 

combination of variables (Peak, Segment and Both) 

  
DataSign01 DataSign01Peak DataSign01Seg 
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B p-value B p-value B p-value 

 
α 39,56 2,47E-72 7,45 5,51E-108 28,07 5,14E-60 

Beat 1 P 2,23 4,26E-07 0,17 6,30E-01 - - 
Beat 1 Q 3,23 4,34E-11 7,86 1,51E-87 - - 
Beat 1 R -2,40 3,13E-11 -2,14 4,66E-25 - - 
Beat 1 S 7,97 1,51E-42 4,58 2,71E-48 - - 
Beat 1 T -4,19 1,47E-24 -7,30 4,70E-174 - - 
Beat 1 QRS 28,27 6,39E-17 - - 23,96 2,72E-19 
Beat 1 QT 33,08 1,46E-31 - - 25,35 5,28E-30 
Beat 1 ST -2,48 3,62E-01 - - -6,74 4,17E-03 
Beat 1 PR -11,41 4,24E-04 - - -0,98 6,80E-01 
Beat 1 RR -10,33 5,23E-93 - - -10,45 2,55E-145 

 
Table 16 Logistic Regression model (beta and p-value) for DataSign02_IN01 with 1 beat for the different 

combination of variables (Peak, Segment and Both) 

  
DataSign02 DataSign02Peak DataSign02Seg 

  
B p-value B p-value B p-value 

 
α 19,39 2,73E-21 6,73 6,02E-24 28,07 5,14E-60 

Beat 1 P 2,53 1,50E-13 1,69 7,68E-12 - - 
Beat 1 Q -0,26 4,60E-01 3,03 4,69E-31 - - 
Beat 1 R -2,27 6,68E-06 -6,86 7,76E-80 - - 
Beat 1 S -9,06 3,06E-17 -1,44 1,02E-02 - - 
Beat 1 T -1,68 3,76E-11 -5,36 6,65E-159 - - 
Beat 1 QRS 37,06 1,17E-30 - - 23,96 2,72E-19 
Beat 1 QT 29,12 6,74E-30 - - 25,35 5,28E-30 
Beat 1 ST -6,70 8,23E-03 - - -6,74 4,17E-03 
Beat 1 PR -19,22 3,07E-10 - - -0,98 6,80E-01 
Beat 1 RR -8,22 3,28E-74 - - -10,45 2,55E-145 

 
Table 17 Logistic Regression model (beta and p-value) for DataSign01_IN01 with 3 beat for the different 

combination of variables (Peak, Segment and Both) 

  
DataSign01x3 DataSign01x3Peak DataSign01x3Seg 

  
B p-value B p-value B p-value 

 
α 87,32 2,98E-14 13,15 1,12E-45 28,70 1,72E-09 

Beat 1 P 4,67 1,81E-02 -0,26 7,26E-01 - - 
Beat 1 Q 0,63 8,00E-01 3,58 1,05E-04 - - 
Beat 1 R -5,00 3,82E-03 -0,52 3,46E-01 - - 
Beat 1 S 3,82 5,52E-02 2,84 9,25E-04 - - 
Beat 1 T 2,06 3,18E-01 -6,40 3,24E-12 - - 
Beat 1 QRS -3,99 7,45E-01 - - -1,70 8,26E-01 
Beat 1 QT 40,47 9,22E-05 - - 20,16 2,28E-04 
Beat 1 ST -23,49 3,84E-02 - - -18,25 4,98E-03 
Beat 1 PR 7,66 5,43E-01 - - 1,19 8,82E-01 
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Beat 1 RR -7,30 2,12E-04 - - -1,79 1,63E-01 
Beat 2 P 1,68 5,25E-01 -0,12 8,81E-01 - - 
Beat 2 Q -3,98 1,27E-01 5,57 9,98E-10 - - 
Beat 2 R 1,08 4,67E-01 -1,42 1,28E-02 - - 
Beat 2 S 7,38 4,76E-04 2,46 4,73E-03 - - 
Beat 2 T -6,22 3,92E-04 -5,32 1,84E-09 - - 
Beat 2 QRS 37,97 3,48E-03 - - 11,61 1,54E-01 
Beat 2 QT 33,45 3,47E-04 - - 17,97 6,84E-04 
Beat 2 ST 1,97 8,37E-01 - - -4,09 5,31E-01 
Beat 2 PR -29,43 2,17E-02 - - -2,32 7,73E-01 
Beat 2 RR -9,74 5,46E-06 - - -6,57 1,70E-07 
Beat 3 P 1,59 4,20E-01 -0,56 4,43E-01 - - 
Beat 3 Q 1,25 6,26E-01 3,79 8,30E-05 - - 
Beat 3 R -2,17 1,68E-01 -1,71 1,86E-03 - - 
Beat 3 S 11,08 5,91E-06 3,61 2,88E-05 - - 
Beat 3 T 0,56 6,92E-01 0,57 3,16E-01 - - 
Beat 3 QRS 4,23 7,39E-01 - - 5,42 4,84E-01 
Beat 3 QT 35,52 1,16E-04 - - 16,95 5,66E-04 
Beat 3 ST -4,01 6,97E-01 - - -3,49 5,61E-01 
Beat 3 PR 9,21 4,81E-01 - - 3,81 6,35E-01 
Beat 3 RR -6,67 1,41E-03 - - -6,03 2,12E-06 

 

 
Table 18 Logistic Regression model (beta and p-value) for DataSign02_IN01 with 3 beat for the different 

combination of variables (Peak, Segment and Both) 

  
DataSign02x3 DataSign02x3Peak DataSign02x3Seg 

  
B p-value B p-value B p-value 

 
α 38,59 1,19E-11 12,23 9,40E-26 28,70 1,72E-09 

Beat 1 P 0,73 5,64E-01 0,19 7,68E-01 - - 
Beat 1 Q 0,70 5,89E-01 1,88 1,44E-02 - - 
Beat 1 R -1,59 8,21E-02 -1,30 3,23E-03 - - 
Beat 1 S 1,78 1,07E-01 2,34 2,00E-03 - - 
Beat 1 T 1,50 1,29E-01 -3,02 4,91E-05 - - 
Beat 1 QRS 14,45 1,57E-01 - - -1,70 8,26E-01 
Beat 1 QT 19,56 1,64E-03 - - 20,16 2,28E-04 
Beat 1 ST -11,58 1,37E-01 - - -18,25 4,98E-03 
Beat 1 PR -17,19 1,01E-01 - - 1,19 8,82E-01 
Beat 1 RR -0,79 5,78E-01 - - -1,79 1,63E-01 
Beat 2 P 2,99 2,33E-02 1,04 1,52E-01 - - 
Beat 2 Q -2,63 8,04E-02 1,54 5,21E-02 - - 
Beat 2 R 0,75 3,81E-01 -1,33 1,95E-03 - - 
Beat 2 S 1,33 2,28E-01 1,76 1,50E-02 - - 
Beat 2 T -3,04 4,28E-03 -3,34 1,55E-07 - - 
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Beat 2 QRS 22,75 2,29E-02 - - 11,61 1,54E-01 
Beat 2 QT 27,79 1,74E-05 - - 17,97 6,84E-04 
Beat 2 ST -4,43 5,49E-01 - - -4,09 5,31E-01 
Beat 2 PR -16,58 1,01E-01 - - -2,32 7,73E-01 
Beat 2 RR -6,01 7,94E-07 - - -6,57 1,70E-07 
Beat 3 P 1,86 1,59E-01 0,66 3,33E-01 - - 
Beat 3 Q 1,15 4,80E-01 3,51 4,02E-05 - - 
Beat 3 R -0,55 5,65E-01 -2,05 7,75E-06 - - 
Beat 3 S 2,49 9,41E-03 1,85 1,09E-02 - - 
Beat 3 T -0,15 8,65E-01 -1,88 2,20E-03 - - 
Beat 3 QRS 10,91 2,47E-01 - - 5,42 4,84E-01 
Beat 3 QT 20,42 1,18E-04 - - 16,95 5,66E-04 
Beat 3 ST -4,77 4,83E-01 - - -3,49 5,61E-01 
Beat 3 PR -4,18 6,68E-01 - - 3,81 6,35E-01 
Beat 3 RR -5,11 3,20E-04 - - -6,03 2,12E-06 

 

 
Table 19 Logistic Regression model (beta and p-value) for DataSign01_IN01 with 6 beat for the different 

combination of variables (Peak, Segment and Both) 

  
DataSign01x6 DataSign01x6Peak DataSign01x6Seg 

  
B p-value B p-value B p-value 

 
α 2513,15 1,00E+00 18,30 6,32E-23 29,49 1,63E-02 

Beat 1 P 173,03 1,00E+00 -1,77 1,99E-01 - - 
Beat 1 Q -146,92 1,00E+00 3,97 2,03E-02 - - 
Beat 1 R -127,80 1,00E+00 0,59 5,58E-01 - - 
Beat 1 S 126,02 1,00E+00 2,64 1,04E-01 - - 
Beat 1 T -100,27 1,00E+00 -8,03 2,12E-06 - - 
Beat 1 QRS -148,75 1,00E+00 - - -5,72 6,49E-01 
Beat 1 QT 628,29 1,00E+00 - - 20,75 3,81E-02 
Beat 1 ST -558,18 1,00E+00 - - -31,43 6,61E-03 
Beat 1 PR -130,08 1,00E+00 - - -12,97 3,35E-01 
Beat 1 RR 51,47 1,00E+00 - - 3,85 1,70E-01 
Beat 2 P 267,75 1,00E+00 2,13 2,77E-01 - - 
Beat 2 Q -98,47 1,00E+00 5,64 4,14E-03 - - 
Beat 2 R 22,26 1,00E+00 -1,59 1,58E-01 - - 
Beat 2 S 60,16 1,00E+00 1,77 2,93E-01 - - 
Beat 2 T -172,82 1,00E+00 -5,97 3,82E-04 - - 
Beat 2 QRS 1295,12 1,00E+00 - - -3,97 8,20E-01 
Beat 2 QT -671,91 1,00E+00 - - 20,05 5,76E-02 
Beat 2 ST 1634,11 1,00E+00 - - -8,35 5,87E-01 
Beat 2 PR -1378,04 1,00E+00 - - 8,40 6,35E-01 
Beat 2 RR -228,97 1,00E+00 - - -2,49 3,70E-01 
Beat 3 P -159,34 1,00E+00 0,49 7,76E-01 - - 
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Beat 3 Q 207,98 1,00E+00 1,77 3,97E-01 - - 
Beat 3 R -7,48 1,00E+00 1,08 3,18E-01 - - 
Beat 3 S 287,64 1,00E+00 1,67 3,51E-01 - - 
Beat 3 T -66,30 1,00E+00 1,44 2,08E-01 - - 
Beat 3 QRS -90,47 1,00E+00 - - -16,42 4,02E-01 
Beat 3 QT 837,33 1,00E+00 - - 27,13 1,48E-02 
Beat 3 ST -134,50 1,00E+00 - - -18,09 2,72E-01 
Beat 3 PR 118,79 1,00E+00 - - 9,64 6,37E-01 
Beat 3 RR -191,91 1,00E+00 - - -9,87 9,39E-05 
Beat 4 P -118,26 1,00E+00 -4,21 5,48E-02 - - 
Beat 4 Q 135,00 1,00E+00 3,55 9,53E-02 - - 
Beat 4 R 86,25 1,00E+00 -0,69 4,79E-01 - - 
Beat 4 S 17,98 1,00E+00 3,08 8,19E-02 - - 
Beat 4 T 96,44 1,00E+00 -1,44 3,42E-01 - - 
Beat 4 QRS -383,61 1,00E+00 - - -19,59 3,46E-01 
Beat 4 QT 596,06 1,00E+00 - - 41,20 3,59E-03 
Beat 4 ST -378,87 1,00E+00 - - -22,24 2,22E-01 
Beat 4 PR 958,27 1,00E+00 - - 24,88 2,20E-01 
Beat 4 RR -203,70 1,00E+00 - - -4,30 6,10E-02 
Beat 5 P -55,10 1,00E+00 -3,36 8,93E-03 - - 
Beat 5 Q -291,62 1,00E+00 0,87 6,43E-01 - - 
Beat 5 R -10,55 1,00E+00 -0,87 3,89E-01 - - 
Beat 5 S 122,57 1,00E+00 0,65 6,61E-01 - - 
Beat 5 T 221,20 1,00E+00 -0,73 5,98E-01 - - 
Beat 5 QRS 505,20 1,00E+00 - - 41,20 4,04E-02 
Beat 5 QT 493,83 1,00E+00 - - -7,29 5,14E-01 
Beat 5 ST -345,33 1,00E+00 - - 28,61 1,11E-01 
Beat 5 PR -744,20 1,00E+00 - - -20,71 3,15E-01 
Beat 5 RR -141,22 1,00E+00 - - -3,86 1,57E-01 
Beat 6 P 38,42 1,00E+00 3,29 4,16E-02 - - 
Beat 6 Q 117,90 1,00E+00 2,37 2,03E-01 - - 
Beat 6 R -211,72 1,00E+00 -3,65 1,56E-04 - - 
Beat 6 S 190,27 1,00E+00 3,04 3,54E-02 - - 
Beat 6 T -101,05 1,00E+00 0,97 2,95E-01 - - 
Beat 6 QRS -1213,88 1,00E+00 - - 5,49 7,30E-01 
Beat 6 QT 1202,68 1,00E+00 - - 8,71 3,81E-01 
Beat 6 ST -825,15 1,00E+00 - - -10,78 4,65E-01 
Beat 6 PR 1638,59 1,00E+00 - - -2,11 9,04E-01 
Beat 6 RR -39,20 1,00E+00 - - -2,26 3,35E-01 
 
Table 20 Logistic Regression model (beta and p-value) for DataSign02_IN01 with 6 beat for the different 

combination of variables (Peak, Segment and Both) 

  
DataSign02x6 DataSign02x6Peak DataSign02x6Seg 

  
B p-value B p-value B p-value 
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α 2940,62 1,00E+00 13,12 7,77E-16 29,49 1,63E-02 

Beat 1 P -116,81 1,00E+00 -1,44 2,52E-01 - - 
Beat 1 Q -134,18 1,00E+00 0,86 5,55E-01 - - 
Beat 1 R 37,16 1,00E+00 0,13 8,71E-01 - - 
Beat 1 S 337,48 1,00E+00 3,04 2,70E-02 - - 
Beat 1 T 109,46 1,00E+00 -2,89 3,89E-02 - - 
Beat 1 QRS -3,65 1,00E+00 - - -5,72 6,49E-01 
Beat 1 QT 952,82 1,00E+00 - - 20,75 3,81E-02 
Beat 1 ST -599,66 1,00E+00 - - -31,43 6,61E-03 
Beat 1 PR -179,82 1,00E+00 - - -12,97 3,35E-01 
Beat 1 RR 71,78 1,00E+00 - - 3,85 1,70E-01 
Beat 2 P 366,67 1,00E+00 1,44 3,48E-01 - - 
Beat 2 Q 125,77 1,00E+00 2,57 1,44E-01 - - 
Beat 2 R -80,58 1,00E+00 -1,45 7,91E-02 - - 
Beat 2 S -244,06 1,00E+00 0,02 9,88E-01 - - 
Beat 2 T -568,19 1,00E+00 -3,39 1,32E-02 - - 
Beat 2 QRS 2381,20 1,00E+00 - - -3,97 8,20E-01 
Beat 2 QT -64,53 1,00E+00 - - 20,05 5,76E-02 
Beat 2 ST 1998,66 1,00E+00 - - -8,35 5,87E-01 
Beat 2 PR -3015,33 1,00E+00 - - 8,40 6,35E-01 
Beat 2 RR -34,00 1,00E+00 - - -2,49 3,70E-01 
Beat 3 P -113,58 1,00E+00 -0,40 7,77E-01 - - 
Beat 3 Q 312,85 1,00E+00 4,10 2,06E-02 - - 
Beat 3 R 206,17 1,00E+00 -0,29 7,25E-01 - - 
Beat 3 S 265,63 1,00E+00 1,44 2,91E-01 - - 
Beat 3 T 360,84 1,00E+00 -0,70 6,25E-01 - - 
Beat 3 QRS 540,27 1,00E+00 - - -16,42 4,02E-01 
Beat 3 QT 423,76 1,00E+00 - - 27,13 1,48E-02 
Beat 3 ST 625,17 1,00E+00 - - -18,09 2,72E-01 
Beat 3 PR -492,49 1,00E+00 - - 9,64 6,37E-01 
Beat 3 RR -501,00 1,00E+00 - - -9,87 9,39E-05 
Beat 4 P -315,47 1,00E+00 0,14 9,26E-01 - - 
Beat 4 Q 173,44 1,00E+00 2,17 1,76E-01 - - 
Beat 4 R -140,87 1,00E+00 -0,75 3,11E-01 - - 
Beat 4 S 47,96 1,00E+00 2,18 1,10E-01 - - 
Beat 4 T 57,98 1,00E+00 -0,95 5,21E-01 - - 
Beat 4 QRS -1170,12 1,00E+00 - - -19,59 3,46E-01 
Beat 4 QT 2201,85 1,00E+00 - - 41,20 3,59E-03 
Beat 4 ST -1982,98 1,00E+00 - - -22,24 2,22E-01 
Beat 4 PR 1606,88 1,00E+00 - - 24,88 2,20E-01 
Beat 4 RR -92,52 1,00E+00 - - -4,30 6,10E-02 
Beat 5 P 202,23 1,00E+00 -1,76 2,58E-01 - - 
Beat 5 Q -605,29 1,00E+00 -0,63 6,87E-01 - - 
Beat 5 R 294,95 1,00E+00 0,39 6,13E-01 - - 
Beat 5 S 16,80 1,00E+00 0,29 8,26E-01 - - 
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Beat 5 T 143,66 1,00E+00 -0,33 8,11E-01 - - 
Beat 5 QRS 3376,98 1,00E+00 - - 41,20 4,04E-02 
Beat 5 QT 241,56 1,00E+00 - - -7,29 5,14E-01 
Beat 5 ST 855,60 1,00E+00 - - 28,61 1,11E-01 
Beat 5 PR -2901,17 1,00E+00 - - -20,71 3,15E-01 
Beat 5 RR -46,70 1,00E+00 - - -3,86 1,57E-01 
Beat 6 P 56,29 1,00E+00 3,36 1,93E-02 - - 
Beat 6 Q 223,72 1,00E+00 -0,16 9,17E-01 - - 
Beat 6 R -232,49 1,00E+00 -1,97 1,12E-02 - - 
Beat 6 S 171,34 1,00E+00 0,78 5,00E-01 - - 
Beat 6 T -10,24 1,00E+00 -1,21 2,94E-01 - - 
Beat 6 QRS -781,44 1,00E+00 - - 5,49 7,30E-01 
Beat 6 QT 942,28 1,00E+00 - - 8,71 3,81E-01 
Beat 6 ST -2178,45 1,00E+00 - - -10,78 4,65E-01 
Beat 6 PR 1595,39 1,00E+00 - - -2,11 9,04E-01 
Beat 6 RR -34,13 1,00E+00 - - -2,26 3,35E-01 

 
Table 21 Logistic Regression model (beta and p-value) for DataSign01_IN01 with 9 beat for the different 

combination of variables (Peak, Segment and Both) 

  
DataSign01x9 DataSign01x9Peak DataSign01x9Seg 

  
B p-value B p-value B p-value 

 
α 1519,18 1,00E+00 22,43 5,71E-14 8673,10 1,00E+00 

Beat 1 P 57,56 1,00E+00 -2,28 2,34E-01 - - 
Beat 1 Q 26,29 1,00E+00 3,58 1,23E-01 - - 
Beat 1 R -34,71 1,00E+00 -0,54 6,97E-01 - - 
Beat 1 S -54,72 1,00E+00 4,15 1,04E-01 - - 
Beat 1 T 26,68 1,00E+00 -6,24 1,61E-02 - - 
Beat 1 QRS -396,67 1,00E+00 - - 446,16 1,00E+00 
Beat 1 QT 518,21 1,00E+00 - - 2182,51 1,00E+00 
Beat 1 ST -348,66 1,00E+00 - - 131,58 1,00E+00 
Beat 1 PR 633,27 1,00E+00 - - 1087,19 1,00E+00 
Beat 1 RR 93,85 1,00E+00 - - 669,17 1,00E+00 
Beat 2 P -105,27 1,00E+00 -3,73 1,83E-01 - - 
Beat 2 Q -20,93 1,00E+00 3,86 1,76E-01 - - 
Beat 2 R -57,39 1,00E+00 0,19 8,90E-01 - - 
Beat 2 S 146,43 1,00E+00 4,34 7,43E-02 - - 
Beat 2 T 54,49 1,00E+00 -5,05 6,27E-02 - - 
Beat 2 QRS -116,04 1,00E+00 - - -5886,52 1,00E+00 
Beat 2 QT -328,38 1,00E+00 - - -1417,69 1,00E+00 
Beat 2 ST 183,84 1,00E+00 - - -1364,51 1,00E+00 
Beat 2 PR 350,02 1,00E+00 - - 6307,91 1,00E+00 
Beat 2 RR -122,57 1,00E+00 - - 108,29 1,00E+00 
Beat 3 P 132,71 1,00E+00 -0,04 9,90E-01 - - 
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Beat 3 Q -51,34 1,00E+00 2,56 3,72E-01 - - 
Beat 3 R -0,54 1,00E+00 -1,46 2,99E-01 - - 
Beat 3 S 17,64 1,00E+00 2,50 3,66E-01 - - 
Beat 3 T -4,35 1,00E+00 0,81 6,96E-01 - - 
Beat 3 QRS -455,24 1,00E+00 - - -2214,03 1,00E+00 
Beat 3 QT 147,74 1,00E+00 - - 428,55 1,00E+00 
Beat 3 ST -54,65 1,00E+00 - - -1256,53 1,00E+00 
Beat 3 PR 237,61 1,00E+00 - - 3326,99 1,00E+00 
Beat 3 RR 119,99 1,00E+00 - - 979,50 1,00E+00 
Beat 4 P -2,93 1,00E+00 1,35 5,03E-01 - - 
Beat 4 Q -38,09 1,00E+00 3,37 2,08E-01 - - 
Beat 4 R -40,62 1,00E+00 -0,12 9,40E-01 - - 
Beat 4 S 56,14 1,00E+00 0,12 9,59E-01 - - 
Beat 4 T 77,24 1,00E+00 -2,09 4,62E-01 - - 
Beat 4 QRS 485,00 1,00E+00 - - 7782,49 1,00E+00 
Beat 4 QT 295,65 1,00E+00 - - -1721,84 1,00E+00 
Beat 4 ST -282,05 1,00E+00 - - 2293,98 1,00E+00 
Beat 4 PR -684,27 1,00E+00 - - -7093,14 1,00E+00 
Beat 4 RR 4,34 1,00E+00 - - -184,55 1,00E+00 
Beat 5 P 13,83 1,00E+00 -1,90 4,18E-01 - - 
Beat 5 Q -118,78 1,00E+00 -2,70 4,21E-01 - - 
Beat 5 R 34,28 1,00E+00 1,24 4,25E-01 - - 
Beat 5 S 48,69 1,00E+00 -1,59 5,00E-01 - - 
Beat 5 T -74,12 1,00E+00 -1,88 2,14E-01 - - 
Beat 5 QRS 797,03 1,00E+00 - - 8465,88 1,00E+00 
Beat 5 QT -149,63 1,00E+00 - - -781,09 1,00E+00 
Beat 5 ST 570,11 1,00E+00 - - 4852,14 1,00E+00 
Beat 5 PR -693,05 1,00E+00 - - -9979,77 1,00E+00 
Beat 5 RR 19,86 1,00E+00 - - 948,69 1,00E+00 
Beat 6 P -56,73 1,00E+00 1,30 6,28E-01 - - 
Beat 6 Q 132,02 1,00E+00 5,60 8,05E-02 - - 
Beat 6 R 5,13 1,00E+00 0,49 7,17E-01 - - 
Beat 6 S 73,98 1,00E+00 1,21 5,91E-01 - - 
Beat 6 T 48,64 1,00E+00 1,99 1,84E-01 - - 
Beat 6 QRS -434,90 1,00E+00 - - -2076,95 1,00E+00 
Beat 6 QT 380,76 1,00E+00 - - -528,25 1,00E+00 
Beat 6 ST -349,28 1,00E+00 - - -909,87 1,00E+00 
Beat 6 PR 621,60 1,00E+00 - - 3165,06 1,00E+00 
Beat 6 RR -195,80 1,00E+00 - - -2014,82 1,00E+00 
Beat 7 P -173,65 1,00E+00 -5,90 3,86E-02 - - 
Beat 7 Q 30,07 1,00E+00 0,29 9,12E-01 - - 
Beat 7 R 47,39 1,00E+00 0,66 6,27E-01 - - 
Beat 7 S 63,16 1,00E+00 2,97 2,16E-01 - - 
Beat 7 T -187,40 1,00E+00 -3,39 1,11E-01 - - 
Beat 7 QRS -65,30 1,00E+00 - - -1635,85 1,00E+00 
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Beat 7 QT 59,52 1,00E+00 - - 4360,09 1,00E+00 
Beat 7 ST -214,18 1,00E+00 - - -3734,94 1,00E+00 
Beat 7 PR -13,70 1,00E+00 - - 2517,78 1,00E+00 
Beat 7 RR -34,34 1,00E+00 - - -609,69 1,00E+00 
Beat 8 P 141,13 1,00E+00 4,04 1,70E-01 - - 
Beat 8 Q -0,88 1,00E+00 2,39 4,05E-01 - - 
Beat 8 R -47,43 1,00E+00 -2,15 1,46E-01 - - 
Beat 8 S 52,10 1,00E+00 1,94 4,14E-01 - - 
Beat 8 T 4,54 1,00E+00 -0,76 6,22E-01 - - 
Beat 8 QRS 662,55 1,00E+00 - - 4585,94 1,00E+00 
Beat 8 QT -44,96 1,00E+00 - - -188,36 1,00E+00 
Beat 8 ST 321,02 1,00E+00 - - 2098,09 1,00E+00 
Beat 8 PR -409,25 1,00E+00 - - -5759,55 1,00E+00 
Beat 8 RR -30,16 1,00E+00 - - -579,94 1,00E+00 
Beat 9 P -8,58 1,00E+00 -0,24 8,94E-01 - - 
Beat 9 Q 111,01 1,00E+00 4,88 8,46E-02 - - 
Beat 9 R -11,84 1,00E+00 -3,24 4,78E-02 - - 
Beat 9 S 18,50 1,00E+00 1,11 6,45E-01 - - 
Beat 9 T -74,60 1,00E+00 1,09 5,29E-01 - - 
Beat 9 QRS -589,25 1,00E+00 - - -2683,73 1,00E+00 
Beat 9 QT 564,50 1,00E+00 - - 1998,50 1,00E+00 
Beat 9 ST -297,42 1,00E+00 - - -874,33 1,00E+00 
Beat 9 PR 787,80 1,00E+00 - - 6235,40 1,00E+00 
Beat 9 RR -251,08 1,00E+00 - - -1321,62 1,00E+00 

 
Table 22 Logistic Regression model (beta and p-value) for DataSign02_IN01 with 9 beat for the different 

combination of variables (Peak, Segment and Both) 

  
DataSign02x9 DataSign02x9Peak DataSign02x9Seg 

  
B p-value B p-value B p-value 

 
α 1250,11 1,00E+00 16,23 3,46E-13 8673,10 1,00E+00 

Beat 1 P -93,60 1,00E+00 -1,73 3,15E-01 - - 
Beat 1 Q 3,42 1,00E+00 -1,77 3,89E-01 - - 
Beat 1 R 67,10 1,00E+00 1,04 3,70E-01 - - 
Beat 1 S -101,15 1,00E+00 3,14 1,01E-01 - - 
Beat 1 T 236,51 1,00E+00 1,10 6,34E-01 - - 
Beat 1 QRS -586,63 1,00E+00 - - 446,16 1,00E+00 
Beat 1 QT 633,59 1,00E+00 - - 2182,51 1,00E+00 
Beat 1 ST -784,81 1,00E+00 - - 131,58 1,00E+00 
Beat 1 PR 832,98 1,00E+00 - - 1087,19 1,00E+00 
Beat 1 RR 289,05 1,00E+00 - - 669,17 1,00E+00 
Beat 2 P -124,93 1,00E+00 -4,81 5,38E-02 - - 
Beat 2 Q -49,80 1,00E+00 4,60 5,14E-02 - - 
Beat 2 R -71,12 1,00E+00 0,24 8,30E-01 - - 



   
 

97 

Beat 2 S 107,59 1,00E+00 3,53 6,48E-02 - - 
Beat 2 T -2,24 1,00E+00 -5,74 9,38E-03 - - 
Beat 2 QRS -174,16 1,00E+00 - - -5886,52 1,00E+00 
Beat 2 QT -295,67 1,00E+00 - - -1417,69 1,00E+00 
Beat 2 ST 81,42 1,00E+00 - - -1364,51 1,00E+00 
Beat 2 PR 380,60 1,00E+00 - - 6307,91 1,00E+00 
Beat 2 RR -145,72 1,00E+00 - - 108,29 1,00E+00 
Beat 3 P 102,14 1,00E+00 1,70 5,32E-01 - - 
Beat 3 Q 61,41 1,00E+00 -2,24 3,81E-01 - - 
Beat 3 R 21,97 1,00E+00 -1,38 2,69E-01 - - 
Beat 3 S -32,37 1,00E+00 4,11 6,20E-02 - - 
Beat 3 T 25,18 1,00E+00 -0,47 8,51E-01 - - 
Beat 3 QRS -498,55 1,00E+00 - - -2214,03 1,00E+00 
Beat 3 QT 80,99 1,00E+00 - - 428,55 1,00E+00 
Beat 3 ST -213,32 1,00E+00 - - -1256,53 1,00E+00 
Beat 3 PR 266,45 1,00E+00 - - 3326,99 1,00E+00 
Beat 3 RR 277,79 1,00E+00 - - 979,50 1,00E+00 
Beat 4 P -18,63 1,00E+00 0,44 8,15E-01 - - 
Beat 4 Q -75,38 1,00E+00 2,71 2,58E-01 - - 
Beat 4 R -44,38 1,00E+00 -1,53 2,38E-01 - - 
Beat 4 S 24,85 1,00E+00 1,11 5,59E-01 - - 
Beat 4 T 29,05 1,00E+00 0,29 9,07E-01 - - 
Beat 4 QRS 318,82 1,00E+00 - - 7782,49 1,00E+00 
Beat 4 QT 427,39 1,00E+00 - - -1721,84 1,00E+00 
Beat 4 ST -71,30 1,00E+00 - - 2293,98 1,00E+00 
Beat 4 PR -89,36 1,00E+00 - - -7093,14 1,00E+00 
Beat 4 RR -51,09 1,00E+00 - - -184,55 1,00E+00 
Beat 5 P 91,94 1,00E+00 -3,26 1,34E-01 - - 
Beat 5 Q -193,30 1,00E+00 -3,18 2,81E-01 - - 
Beat 5 R 27,26 1,00E+00 0,21 8,65E-01 - - 
Beat 5 S 90,78 1,00E+00 -0,43 8,18E-01 - - 
Beat 5 T -16,66 1,00E+00 2,49 7,39E-02 - - 
Beat 5 QRS 1679,91 1,00E+00 - - 8465,88 1,00E+00 
Beat 5 QT -292,10 1,00E+00 - - -781,09 1,00E+00 
Beat 5 ST 1006,67 1,00E+00 - - 4852,14 1,00E+00 
Beat 5 PR -1667,37 1,00E+00 - - -9979,77 1,00E+00 
Beat 5 RR 9,77 1,00E+00 - - 948,69 1,00E+00 
Beat 6 P -83,51 1,00E+00 1,46 4,66E-01 - - 
Beat 6 Q 74,58 1,00E+00 0,06 9,81E-01 - - 
Beat 6 R 30,54 1,00E+00 0,63 5,59E-01 - - 
Beat 6 S 62,63 1,00E+00 1,64 3,02E-01 - - 
Beat 6 T 65,40 1,00E+00 2,62 2,50E-01 - - 
Beat 6 QRS -363,52 1,00E+00 - - -2076,95 1,00E+00 
Beat 6 QT -4,60 1,00E+00 - - -528,25 1,00E+00 
Beat 6 ST -279,66 1,00E+00 - - -909,87 1,00E+00 
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Beat 6 PR 623,25 1,00E+00 - - 3165,06 1,00E+00 
Beat 6 RR -280,81 1,00E+00 - - -2014,82 1,00E+00 
Beat 7 P -236,45 1,00E+00 -3,73 1,15E-01 - - 
Beat 7 Q 60,32 1,00E+00 4,87 4,07E-02 - - 
Beat 7 R 22,73 1,00E+00 -0,47 6,75E-01 - - 
Beat 7 S 102,32 1,00E+00 0,16 9,34E-01 - - 
Beat 7 T -209,63 1,00E+00 -9,15 2,88E-05 - - 
Beat 7 QRS 251,35 1,00E+00 - - -1635,85 1,00E+00 
Beat 7 QT 188,40 1,00E+00 - - 4360,09 1,00E+00 
Beat 7 ST -208,20 1,00E+00 - - -3734,94 1,00E+00 
Beat 7 PR -509,86 1,00E+00 - - 2517,78 1,00E+00 
Beat 7 RR 48,20 1,00E+00 - - -609,69 1,00E+00 
Beat 8 P 344,04 1,00E+00 9,24 7,58E-04 - - 
Beat 8 Q -32,06 1,00E+00 1,55 5,40E-01 - - 
Beat 8 R 5,49 1,00E+00 0,05 9,68E-01 - - 
Beat 8 S -49,19 1,00E+00 -0,10 9,59E-01 - - 
Beat 8 T -82,97 1,00E+00 -2,23 2,50E-01 - - 
Beat 8 QRS 209,57 1,00E+00 - - 4585,94 1,00E+00 
Beat 8 QT 268,80 1,00E+00 - - -188,36 1,00E+00 
Beat 8 ST 184,76 1,00E+00 - - 2098,09 1,00E+00 
Beat 8 PR -208,27 1,00E+00 - - -5759,55 1,00E+00 
Beat 8 RR -76,56 1,00E+00 - - -579,94 1,00E+00 
Beat 9 P 29,68 1,00E+00 1,06 4,92E-01 - - 
Beat 9 Q 178,64 1,00E+00 6,37 1,18E-02 - - 
Beat 9 R -107,06 1,00E+00 -2,77 3,43E-02 - - 
Beat 9 S 27,05 1,00E+00 -2,84 1,31E-01 - - 
Beat 9 T -109,70 1,00E+00 -1,07 5,65E-01 - - 
Beat 9 QRS -1072,64 1,00E+00 - - -2683,73 1,00E+00 
Beat 9 QT 919,29 1,00E+00 - - 1998,50 1,00E+00 
Beat 9 ST -690,67 1,00E+00 - - -874,33 1,00E+00 
Beat 9 PR 1265,98 1,00E+00 - - 6235,40 1,00E+00 
Beat 9 RR -438,50 1,00E+00 - - -1321,62 1,00E+00 

 

 


