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Abstract 

In this study we propose a novel approach, based on 

multiple correspondences analysis (MCA), to identify the 

relationships between the spectral variables obtained 

from HRV signals and those from ventricular 

repolarization variability (VRV). Parameters were 

extracted from RR and RT time series from 47 ECG 

records from aerobic and anaerobic sportsmen and 

sedentary subject. These numerical variables were 

transformed in categorical variables using a 7 classes 

fuzzy coding and several MCA were carried out. Results 

show that: i) aerobic disciplines present more variability 

than anaerobic ones, ii) mean RT interval are longer in 

sportsmen than in control subjects, iii) only the low 

frequencies of the HRV and VRV series are correlated, 

evidencing the heart rate modulation on ventricular 

repolarization, iv) the high frequencies of the RT space 

seem to be inadequate markers for the characterization of 

the ANS modulation on ventricular repolarization. 

1. Introduction 

In order to understand the mechanisms of regulation of 

the ventricular activity by the autonomic nervous system 

(ANS), Heart Rate Variability (HRV) analysis techniques 

have been transposed to explore the ventricular 

repolarization variability (VRV).  Spectral analysis of the 

VRV signal has shown the existence of two components, 

low frequency (LF) and high frequency (HF), which are 

consistent with LF and HF components observed in HRV 

[1,2]. Some works have sought to establish relations 

between the variability of the ventricular repolarization 

and the variability of the heart rate. Merri [1] conceived a 

night/day experiment to study the effects of the 

autonomic nervous system (ANS) on the duration of 

ventricular repolarization, on healthy subjects. It was 

found that spectral peaks on the LF and HF bands of the 

HRV and VRV series were very well correlated. 

Furthermore, the phase-delay between HRV and VRV 

were low in the LF band and almost zero in the HF band. 

These results suggest that there are oscillations in the 

VRV which are synchronous or quasi synchronous with 

those of the HRV and thus related to stimulations of the 

ANS. This means that a great part of the variability of the 

ventricular repolarization can be explained by the 

variability of the RR. Nollo [2] carried out a similar 

experience on 21 healthy subjects. Peaks in the LF and 

HF bands were also observed in the power spectra of the 

VRV and the VFC. Additionally, it was found that the 

power distribution between LF and HF in the VRV 

spectra was reversed with respect to heart rate spectra. 

However, the physiological origins of these components 

are only partially explained and the interpretation of the 

spectral parameters resulting from RT sequences remains 

incomplete. From a methodological point of view, 

Multiple Correspondence Analysis (MCA) appears as an 

interesting tool to interpret several populations and 

explore relationships between heart rate and ventricular 

repolarization phenomena. These two last points are 

exactly the objective of this work  

Materials and methods used in this study are briefly 

presented in section 2; protocols, parameters and the 

MCA method employed are described succinctly. Three 

MCA are then described and discussed in section 3: the 

two first MCA were applied to HRV and VRV 

respectively for different sportive disciplines; the third 

MCA studies the relationships between HRV and VRV 

spectral parameters.  

2. Methods 

2.1. Study protocol 

From a previous study [3], a database of twenty-eight 

young healthy subjects (12 swimmers, 7 judokas and 9 

sedentary subjects; 18 men, mean age of all subjects 20 ± 

2 years) was constructed. Athletes were instructed to 

perform 2 stress tests.  Test A was held during the basic 

training (endurance period), and test B was held during 

the training period before competition (tapering period). 

The sedentary subjects undertook only test A.  In total, 47 

ECG records were analyzed. Each record is composed of 

3 five minutes stages performed under the following 

conditions: 

- Stage 1: free ventilation in supine position. 
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- Stage 2: controlled ventilation in supine condition. 

- Stage 3: free ventilation in standing position 

RR sequences were obtained using the Grizali QRS 

detector followed by a manual verification of each 

detected R-wave [4]. RT series were obtained by applying 

the algorithm proposed by Vila et al [5]. Artifacts in the 

RT sequence were also manually removed. The RR and 

RT sequences were linearly interpolated and uniformly 

sampled at 2 Hz. A time-varying autoregressive modeling 

of the interpolated RR an RT sequences was performed 

by using a 25 seconds sliding window. Power spectral 

densities were estimated. The LF and HF bands were 

defined respectively by [0.04-0.15 Hz] and by [0.15-0.4 

Hz] as proposed in [6]. For each stage of the protocol the 

following parameters were determined:  RR (mean RR 

interval), RT (mean RT apex interval), LFRR, HFRR, 

LF/(LF+HF)RR for HRV sequences, and LFRT, HFRT, 

LF/(LF+HF)RT for VRV sequences. 

2.2. Multiple correspondences analysis 

MCA is a descriptive technique designed to analyze 

simple multi-way tables containing a measure of 

correspondence between rows and columns [7]. MCA 

allows to study a population of I individuals described by 

J qualitative variables and to identify linear and non 

linear relationships between variables. MCA is performed 

on a Complete Disjunctive Table (CDT) where lines 

represent individuals and columns represent the variable’s 

modalities or classes.  At the intersection of line i and 

column k, we find xik which is worth 1 according to 

whether individual i has the modality or class k, 0 if not. 

In the HRV and VRV studies, variables are 

continuous. In order to create a CDT adapted to apply 

MCA, the numerical variables to be analyzed (LFRR, 

HFRR, LF/(LF+HF)RR, LFRT, HFRT, LF/(LF+HF)RT) have 

to be transformed in categorical qualitative variables. This 

transformation can be carried out by cutting the data into 

C different (crisp) classes, according to their amplitude 

[7], but this approach presents two main drawbacks: 1) 

there is a loss of information when the numeric value of 

variable q is replaced by a value coding its membership to 

a class j, thus, the original data cannot be reconstructed; 

2) a discontinuity is created by this kind of coding; indeed 

if bk is the border which separates two intervals, a 

distance is artificially created between the points closer to 

both sides to bk. One way to avoid this discontinuity is to 

make a progressive passage from one modality to another, 

by sharing a value closer to the border by the two 

modalities.  This coding, known as fuzzy, is a particular 

kind of coding proposed by Gallego [8]. We have adopted 

this coding by choosing 7 modalities. After performing 

the MCA, individuals and variables are projected into the 

same factorial planes. To facilitate the interpretation, we 

sketch on the factorial planes a polygonal line that joints 

the different modalities, giving an idea of the global 

variable's behavior.  

3. Results 

3.1. Study of the populations 

 The first MCA (MCA1) was carried out taking all 

individuals described by the HRV parameters. The 

numerical variables (RR, LFRR, HFRR, LF/(LF+HF)RR) 

were transformed in categorical variables, as mentioned 

above.  

 
Figure 1.  MCA1, study of the swimmers, judokas and 

sedentary populations through the HRV variables.  

 

Results are schematized on figure 1, where subjects are 

shown on the first factorial plan (F1 vs F2). We observed 

that all variables were correlated, showing a Guttam 

effect. Classes showing the highest global heart rate 

variability values are located on the negative part of F1 

and classes showing the lowest values are located on the 

positive part of F1. Sedentary subjects (sed) are close to 

the low-HRV class, and, in general, swimmers (swi) are 

related to the highest HRV parameters. Judokas (jud) 

occupy the whole first factorial plane. 

ANOVA tests were performed on each axis. No 

significant difference was observed between sport 

seasons (endurance and tapering periods). We observed 

that swimmers and sedentary people are significantly 

different on both axes (p<0.05 in axis 1, p<0.001 in axis 

2). Between sedentary and judokas, significant 

differences were only observed on the second axis 

(p<0.05).  This difference is enhanced during the tapering 

period (p<0.01).  

The second MCA (MCA2) was performed with the 

parameters of the VRV (RT, LFRT, HFRT, 
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LF/(LF+HF)RT)) also encoded in categorical variables. 

Results are schematized in figure 3. Variables and 

subjects are shown in superposition. Swimmers are 

related to the highest VRV values. The RT interval is 

shorter in sedentary subjects than in judokas and 

swimmers (p<0.001). This is a remarkable observation, 

because in exploring VRV parameters it is possible to 

separate all the judokas from sedentary, keeping the 

differences found in MCA1. 

 
 

Figure 2.  MCA2, study of the swimmers, judokas and 

sedentary populations through the VRV variables. 

3.2. Relationships between HRV and VRV 

spectral parameters 

By means of Boxplots, we have compared the ratios 

LF/(LF+HF)RR  and LF/(LF+HF)RT . We found that values 

for LF/(LF+HF)RR are higher (p<0.001) than 

LF/(LF+HF)RT in all stages.  Generally, LF/(LF+HF)RR  is 

higher than 0.5 and   LF/(LF+HF)RT    is smaller than this 

value (figure 3). Reversal Power distribution between 

HRV and VRV was verified [2]. 

Lastly, in a third MCA (MCA3), we explored the 

relationships between spectral parameters of HRV and 

VRV. Results are schematized in figure 4, representing 

the trajectories of each modality. Continuous lines 

represent parameters from HRV and dotted lines 

represent parameters from VRV. Line origins represent 

the weakest modality of each parameter and the arrow 

indicates the strongest modality. 
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Figure 3. Reversal power for HRV and VRV. 

 

 
Figure 4.  MCA3, behavior of HRV and VRV spectral 

variables in the first factorial plan for free ventilation in 

supine condition (stage 1), controlled ventilation (stage 2) 

and free ventilation in standing condition (stage 3). 

 

 From this schema we can draw the following 

observations for each parameter: 

- LF: values from HRV and VRV series are correlated at 

all stages. 

- HF: At the first stage, extremes modalities (smallest and 

largest) of HFRR and HFRT present similar values, but 

mean modalities from HRV are negative in axis 1 and 

positive in axis 2 while VRV values are in opposition. 

During the second stage (controlled ventilation in supine 

condition) HF is on axis 1, while HFRT is on axis 2. At 

third stage HFRR shows less variability than HFRT . 
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- LF/(LF+HF): during the first and second stages, extreme 

values are correlated but mean values are in opposition. 

At the third stage, only the large values are correlated. 

4. Discussion and conclusions 

These analyses give us very interesting results. From a 

classification viewpoint, we could make differences 

between the studied populations: i) the aerobic discipline 

(swimming) presented more variability than the anaerobic 

discipline (judo) and than sedentary people ii) mean RT 

interval are longer for sportsmen whatever the discipline 

(aerobic or aneorobic), iii) no significant difference were 

observed between the training and the tapering periods in 

swimmers and judokas sportsmen.  It is notable to 

observe that when we analyzed VRV parameters (MCA2) 

we obtained more information than with HRV 

parameters.  This can be explained by the fact that VRV 

is modulated by HRV and because the RT interval 

duration is a powerful index.  

MCA made possible to observe the relationship 

between LF from HRV and VRV series in the three 

physiological conditions. On the other hand, no clear 

relationship was observed for the high frequencies, only 

extreme values were correlated. Consequently, the 

LF/(LF+HF) ratio obtained from VRV cannot be 

interpreted in the same manner as in HRV since we did 

not find any linear or nonlinear relationship between high 

frequencies parameters of VRV and HRV series. 

However, high frequencies show a certain correlation in 

supine position that cannot be observed in the other 

stages. Parameters related to high frequencies of the RT 

space have to be considered with care when 

characterizing the ANS modulation on ventricular 

repolarization.  

Our findings are in agreement with previous studies 

[9,10] that have shown that most of the ventricular 

repolarization variability is due to the modulation of heart 

rate variability and that slow components of RT and RR 

sequences correlate better than fast ones.  

In this study, preliminary exploratory results were 

shown; MCA have shown to be a powerful tool to 

elucidate how heart rate modulation and ANS operate in 

ventricular repolarization. Moreover, this method would 

permit to study how repolarization dynamicity could be 

used as an index of arrhythmia risk. These questions 

remain challenging issues. 
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