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Patients age has been estimated in healthy population by means of the heart rate variability

(HRV) parameters to assess the potentiality of HRV indexes as a biomarker of age. A long-
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term analysis of HRV has been performed, computing linear time and frequency domain

parameters as well as non-linear metrics, in a dataset of 113 healthy subjects (age range

20–85 years old). The principal component analysis has been used to capture age-related

influence on HRV and then three different models have been applied to predict subjects

age: a robust linear regressor (RLR), a feedforward neural network (FFNN) and a radial basis

function neural network (RBFNN). A good prediction of patient age has been obtained (using

all principal components, the Pearson correlation coefficient between predicted and real

age: RLR = 0.793; FFNN = 0.872; RBFNN = 0.829), even if an overestimation in younger subjects

and an underestimation in older ones may be observed. The important and complemen-

tary contribution of non-linear indexes to aging related HRV modifications has also been

underlined.

© 2006 Elsevier Ireland Ltd. All rights reserved.

1. Introduction

It is a common knowledge that tree age may be computed
by counting the annual rings of wood growth or estimated
from the measurement of tree circumference. Also in animal
world, you can predict horse age by looking at its teeth [1].
In these examples, macroscopic effects of the aging process
are used to define normality growth ranges and to predict age.
In other words, these effects are markers (biomarkers) of the
aging process.

Even in humans, biological markers of aging could be of
great interest. Most of older people develop conditions caus-
ing rapid or progressive disability well before the end of their
life and their biological age is different from the chronological
one. The ability to measure biological age may lead to a bet-
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ter prediction of the average rate of aging in the population
and could be an important clinical tool in assessing both the
risk for medical procedures and the likelihood of developing
an early onset of age-related diseases.

In humans, it is well known that cardiovascular sys-
tem is affected by age [2]. Therefore, it is wondered if the
healthy subject age could be estimated from his cardiovas-
cular conditions. In particular, the heart rate variability (HRV),
i.e., the spontaneous fluctuations of RR intervals around its
mean value showing to change with age in healthy subjects,
has been analyzed. The aim is verifying if HRV could be a
biomarker of age. HRV changes have been related to modi-
fications in the regulatory mechanisms of autonomic nervous
system (ANS) controlling cardiovascular parameters. Increas-
ing age seems to be associated with a reduction of both the
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overall HRV and the complexity of interbeat dynamics [3]. This
loss of complexity may be due both to structural factors (e.g.,
loss of sinoatrial pacemaker cells) and to functional changes.

Both traditional linear time [4,5] and frequency domain
analysis [6,7] and more recent non-linear methods [2,8] have
shown that a progressive loss of complexity and a decrease
in total variability of RR intervals occur from middle to old
age. However, only a few studies have tried to model the
aging effect in heart interbeat time series. Colosimo et al.
[9], by means of traditional spectral analysis, worked out
a linear model in which the chronological and cardiac age
were compared. The model was recently improved using
short-time non-linear metrics [10]. In addition, the crossover
phenomenon, which appears with respect to the former
monofractal behaviour corresponding to young healthy indi-
viduals, was modelled with a simple stochastic model [11] or
by means of combinations of first-order autoregressive pro-
cesses that mimic both the young 1/f-like behaviour and the
evolution of interbeat time series with aging [12].

In this work, a long-term analysis (24-h ECG recordings)
has been performed in 131 healthy subjects of different age
(20–85 years old) evaluating both traditional linear time and
frequency parameters and non-linear metrics. As the HRV
shows an age-dependent decline, the possibility to capture
the age-related influence on HRV has been explored. First the
principal component analysis has been used and then subjects
age prediction from the HRV parameters values is attempted
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vice of IRCCS “S. Matteo” Polyclinic (Preside of Belgioioso,
Pavia) were recruited in adult, elderly and senescent groups,
whereas all subjects in the Young class were healthy volun-
teers. No cardiac, renal, hepatic, neoplastic or metabolic dis-
eases were present in any subjects; in particular, no diabetes,
obesity or arterial hypertension was present. No patients
received diuretic or cardioactive therapy during or before the
study. Subjects with cardiac arrhythmias or conduction dis-
turbances were excluded. The study was performed in accor-
dance with the Declaration of Helsinki and was approved by
the Ethical Committee of the Department of Internal Medicine
at the University of Pavia. All subjects gave their written con-
sent.

Dataset B includes 63 (33 men and 30 women) long-term
ECG recordings of subjects in normal sinus rhythm and of sub-
jects referred to the Arrhythmia Laboratory at Boston’s Beth
Israel Hospital but found to have had no significant arrhyth-
mias. More details can be found in [13].

2.2. Parameters

The variations in heart rate may be evaluated by several meth-
ods. In this study, HRV is analyzed on the 24-h recordings using
time and frequency domain methods as well as non-linear
parameters. A brief description of each parameter is reported
below.
sing three different models: a robust linear regression, a feed-
orward neural network and a radial basis function neural
etwork.

. Methods

.1. Population

n this study, the heart rate variability of 131 healthy sub-
ects (54 males and 77 females) was analyzed. The data
ere obtained from two distinct databases of 24-h Holter

ecordings. Sixty-eight patients were recorded for this project
Dataset A) and 63 came from Physionet (Dataset B) [13]. All
ecordings had at least 15.6 h of ECG data and the average
uration of the recordings was 22.5 ± 1.6 h. The population was
ivided into four classes based on subjects age: (i) young, 20–40
ears old; (ii) adult, 41–60 years old; (iii) elderly, 61–70 years old;
iv) senescent, 71–90 years old. The mean age and the number
f the subjects in each group are shown in Table 1.

Dataset A includes 68 subjects (21 men and 47 women).
atients attending the cardiology unit of the Cardiology Ser-

Table 1 – Mean age and number of subjects in the four
selected classes

Class # Subjects Age range
(min–max)

Age (mean ± S.D.)

Male Female

Young 15 24 20–40 30.7 ± 4.6
Adult 12 14 41–60 51.3 ± 6.4
Elderly 18 28 61–70 65.0 ± 2.5
Senescent 9 11 71–85 76.8 ± 4.6
2.2.1. Time and frequency domain methods
Time domain and frequency domain parameters were com-
puted following the recommendations of [14]. Time domain
analysis includes the mean (M) and the standard deviation
(S.D.) of all normal RR intervals, the standard deviation of
the average RR intervals (SDANN) calculated over 5-min peri-
ods (reflecting the changes in heart rate due to cycles longer
than 5 min), the mean of the 5-min standard deviations of RR
intervals calculated over 24 h (SDNNi) (measuring the variabil-
ity due to cycles shorter than 5 min), the root of the mean-
squared differences of successive RR intervals (rMSSD) and the
percentage of interval differences of successive RR intervals
greater than 50 ms (pNN50).

Power spectral density (PSD) was quantified using the Fast
Fourier Transform. Four frequency bands [14] were analysed
(Fig. 1): (i) ultralow frequency (ULF) from 0.0001 to 0.003 Hz, (ii)
very-low frequency (VLF) from 0.003 to 0.04 Hz, (iii) low fre-
quency (LF) from 0.04 to 0.15 Hz and (iv) high frequency (HF)
from 0.15 to 0.40 Hz; the natural logarithm of these powers was
used. To derive a smoothed PSD, the log(frequency) axis was
divided into 256 bins and the log(PSD) was averaged over each
bin. Bins with no data points were not considered for succes-
sive analysis.

The log–log scaled spectrum of PSD versus frequency has
been reported to show a linear decay with increasing fre-
quency [15] and the spectral exponent ˇ was defined as the
value that satisfies the following equation:

PSD(f ) = C

(
1
f ˇ

)
(1)

where f is frequency and C is a constant. By taking the loga-
rithms of both sides of the equation, the following equation is
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Fig. 1 – Power spectral density (PSD). Typical 1/f pattern
observable in a 24-h PSD spectrum. The computed power
law regression line is superimposed on the data; the
darkened portion of the lines is the segment between 10−4

and 10−2 Hz. In the region of the ULF and VLF bands, the
log–log graph of spectral power vs. frequency is linear,
whereas in the region of the LF and HF bands, it is
non-linear due to short-term modulation by the autonomic
nervous system.

obtained:

logPSD = logC − ˇ logf (2)

which shows that ˇ can be estimated by linear regression anal-
ysis of log(PSD) on log(f). The power–law relationship of RR
interval variability was calculated from the frequency range

of 10−4 to 10−2 Hz as previously described [16]. A robust line
fitting algorithm of log(PSD) and log(f) was then applied to
the power spectrum and the slope of this line calculated (see
Fig. 1).

2.2.2. Poincaré plot analysis
In the Poincaré plot, each RR interval is plotted as a func-
tion of the previous one. Non-linear dynamics consider the
Poincaré plot as the two-dimensional reconstructed RR inter-
val phase-spaces, which is a projection of the reconstructed
attractor describing the dynamics of the cardiac system. The
RR interval Poincaré plot typically appears as an elongated
cloud of points oriented along the line-of-identity at 45◦ to
the normal axis. The dispersion of points perpendicular to
the line-of-identity reflects the level of short-term variability,
the dispersion along the line-of-identity is thought to indi-
cate the level of long-term variability. The former dispersion is
quantified by computing the standard deviations of the points
perpendicular to the line-of-identity (SD1) and the latter dis-
persion as the standard deviation along the line of identity
(SD2). Fig. 2 shows another method to quantify the shape of
the Poincaré plot, i.e., measuring the statistical properties of
various projections of the plot via the histogram distribution
[17].

2.2.3. Approximate entropy
The approximate entropy (ApEn) is a “regularity statistic”
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Fig. 2 – Poincaré plot and its histograms. (a) Poincaré plot (se
projected along the direction of the line of identity, it has a z
summary information on the short-term characteristics; (c)
perpendicular to the line of identity, the S.D. of this histogra
on the long-term characteristics of HRV.
quantifying the unpredictability of fluctuations in a time
series such as an instantaneous heart rate time series. Intu-
itively, the presence of repetitive patterns of fluctuation in a
time series makes it more predictable than a time series in
which such patterns are absent. ApEn reflects the likelihood
that “similar” patterns of observations will not be followed
by additional “similar” observations. A time series containing

xt for details); (b) the histogram of the Poincaré plot points
mean and its S.D. is equal to SD1, therefore it provides
istogram of the Poincaré plot points projected
equal to SD2, therefore it provides summary information
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many repetitive patterns, i.e., a regular and predictable series,
has a relatively small ApEn; a less predictable, i.e., more com-
plex, process has a higher ApEn [18].

Given a sequence SN, consisting of N instantaneous heart
rate measurements (RR(1), RR(2), . . ., RR(N)) and specified the
pattern length m and the criterion of similarity r, two patterns,
pm(i) and pm(j), are considered similar if the difference between
any pair of corresponding measurements in the patterns is
less than r, i.e., if

|RR(i + k) − RR(j + k)| < r for 0 ≤ k < m (3)

Now consider the set Pm of all patterns of length m within
SN. The quantity Cim(r) may now be defined:

Cim(r) = nim(r)
N − m + 1

(4)

where nim(r) is the number of patterns in Pm that are similar to
pm(i). The quantity Cim(r) is the fraction of patterns of length
m that resemble the pattern of the same length that begins at
interval i. Cim(r) is calculated for each pattern in Pm and Cm(r)
is defined as the mean of these Cim(r) values. The quantity
Cm(r) expresses the prevalence of repetitive patterns of length
m in SN. Finally, the approximate entropy of SN, for patterns of
length m and similarity criterion r, is defined as:
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can be characterized by a scaling exponent ˛, the slope of the
line relating log(F(n)) to log(n).

Generally, for RR interval variability the DFA plot is not
strictly linear but rather consisted of two distinct regions of
different slopes separated at a break point. This observation
suggests there is a short-range scaling exponent, ˛1, over peri-
ods of 4–16 beats, and a long-range exponent, ˛2, over periods
of 16–256 beats [19].

2.3. Age predictors

The prediction was performed using three different models: a
robust linear regression (RLR), a feedforward neural network
(FFNN) and a radial basis function neural network (RBFNN). To
train, validate and test the networks, the entire dataset was
divided, sampling uniformly, in three subsets: (i) group I (train-
ing set) contains the data used to train the network (67% of the
original data); (ii) group II (validation set) contains the data
used to validate the network and to choose the best network
parameters (22% of the original data); (iii) group III (test set)
contains the data used to test the final network and examine
its behaviour with never-seen data (11% of the original data).
Because of the exiguous number of data, the selection of the
data for the three subsets may influence the performance of
the neural networks. Therefore, three different uniform sam-
plings were applied and then the results were averaged. In the
following, this mean predicted age will simply named “pre-
pEn(SN, m, r) = ln
Cm(r)

Cm+1(r)
(5)

.e., as the natural logarithm of the relative prevalence of repet-
tive patterns of length m compared with those of length m + 1.

.2.4. Detrended fluctuation analysis
he detrended fluctuation analysis (DFA) permits the detec-

ion of long-range correlations embedded in a seemingly non-
tationary time series, and also avoids the spurious detection
f apparent long-range correlations that are an artefact of non-
tationary [19].

In details, the interbeat interval time series of total length
is first integrated:

(k) =
k∑

i=1

[RR(i) − RRave] (6)

here RRave is the average interbeat interval. Next, the inte-
rated time series is divided into boxes of equal length n. In
ach box of length n, a least-squared line is fit to the data,
epresenting the trend in that box. Finally, the integrated time
eries is detrended by subtracting the local trend yn(k) in each
ox and the root mean-square fluctuation of this integrated
nd detrended time series is calculated by:

(n) =

√√√√ 1
N

N∑
k=1

[y(k) − yn(k)]2 (7)

This computation is repeated over all time scales (box size)
o provide a relationship between F(n), the average fluctuation
s a function of box size, and the box size n. The fluctuations
dicted age”.
Input of the models were four different combinations of

HRV parameters obtained by the principal component analysis
(PCA) [20]; in particular, the first 3, 4, 6 and all PCs correspond-
ing to 90%, 95%, 99% and 100% of kept variance were used.

2.3.1. Robust linear regression
Robust linear regression (RLR) was used instead of classical lin-
ear regression to take into account noise in the data and pos-
sible outliers. The RLR algorithm uses an iteratively reweighed
least-squares algorithm, in which weights are recalculated, at
each iteration, by applying the bisquare function to the residu-
als of the previous iteration [21,22]. During the iteration, lower
weights are assigned to points that do not properly fit the
model and the results are less sensitive to outliers in the data
than ordinary least-squares regression.

2.3.2. Feedforward neural network
The feedforward neural network (FFNN) was trained using the
Levenberg–Marquardt training algorithm [21–23]. The network
was trained on group I and validated on group II. The early
stopping technique [24] was used to improve the generaliza-
tion of the network and to avoid overtraining the following
procedure was applied: the error on the validation set (group
II) was monitored during the training phase and when the
error began to increase, training was stopped. Several archi-
tectures with different numbers of hidden units have been
tested to find the best one according to the validation error.
A two-layer network with three neurons in the first layer and
one neuron in the second (output) layer was finally used; the
transfer function was a hyperbolic tangent in the first layer
and linear in the second one. In order to have more robust
network results, with respect to weights initialization, the net-
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work ran 100 times and then the average of the 100 predicted
ages for every subject was taken as result, as an ensemble of
networks.

2.3.3. Radial basis function neural network
Radial basis functions neural network [25] has been trained
using a very simple strategy. The network is created by adding
one neuron at a time. At each iteration the input vector that
results in lowering the network error the most, is used to cre-
ate a hidden neuron. Neurons are added to the network until
the sum-squared error falls beneath an error goal or a max-
imum number of neurons has been reached. A radial basis
function neural network with a hidden radial basis layer and
a linear output layer was used. Generally, radial basis net-
works tend to have more neurons than a comparable feed-
forward network because radial basis neurons only respond
to relatively small regions of the input space [26]. Therefore,
the larger the input space (in terms of number of inputs
and the range those inputs vary over) the more neurons are
required. Various architectures with different maximum num-
ber of neurons and different values of spread parameter have
been tested to find the best one. In particular, after training
the network, group II was used to validate the network and to
choose the best balance between spread (a parameter indicat-
ing the selectivity of the neuron, i.e., the smaller the spread
the more selective the neuron) and number of neurons. The
best compromise was reached using 27 neurons and spread

Table 2 – Factor loadings between the first four PCs and
the significantly correlated variables are reported

PC1 PC2 PC3 PC4

log HF 0.314 −0.190 −0.020 0.082
log LF 0.307 −0.044 0.304 0.010
log VLF 0.313 0.100 0.115 −0.261
SDNNi 0.336 −0.010 0.053 −0.109
SDANN 0.249 0.346 −0.026 0.269
ApEn 0.155 −0.494 −0.062 −0.177
˛1 −0.048 0.343 0.552 −0.299
˛2 −0.117 0.221 −0.531 −0.303
Slope ˇ −0.146 0.230 −0.342 0.370
M 0.149 0.102 −0.283 −0.602

In bold the most relevant variables in each component.

Relations among the first four components of PCA, able to
explain till the 95% of variance, and the significantly corre-
lated HRV indexes are reported in Table 2. The first principal
component (PC1) is mostly related to the traditional time and
frequency domain parameters; in particular, it appears posi-
tively highly correlated to SDNNi and to the spectral powers
logarithm both in LF and HF bands. Interestingly, the main
contributions to the second component are provided by a mix-
ture of linear (SDANN) and non-linear indexes, being the ApEn,
the parameter most correlated with PC2. The most important
roles in the PC3 are played by the DFA indexes, whereas the
PC4 results highly correlated with the RR intervals mean and
with the slope ˇ of the power spectrum.

3.2. Age predictors

Figs. 4–6 show the scatter plots of the predicted age versus
the real one, obtained using, respectively, the different mod-
els with an increasing number of PCA components (the first
3, 4, 6 or all PCs) corresponding to the 90–95–99–100% of kept
variance. As the predicted age has been obtained as the mean
of the three subsampling (see Section 2.3), Figs. 4–6 show the
whole dataset predicted age. A gathering around the iden-
tity line (dotted line) is clearly visible increasing the number
of components and also passing from the simply robust lin-
ear regression to the neural networks. An overestimation in
younger subjects and an underestimation in older ones can be
equal to 2.

3. Results

3.1. Relationship between HRV parameters and age

Fig. 3 shows the Pearson correlation coefficient computed
between each HRV parameter and patient age. Many param-
eters result singly well correlated with age (either negatively
or positively) with stronger correlations observed for spectral
parameters (log LF, log HF and log VLF) and SDNNi index.

Fig. 3 – Correlation between HRV parameters and age.
Pearson correlation coefficient computed between each
HRV parameter and real age in the whole set of subjects. (−)
Negative correlation; (+) positive correlation.
also observed. Despite the reduction of the dispersion around
the line of identity with the increase of kept variance, the ten-
dency to overestimate age in the young and adult class and
underestimate age in the elderly and senescent remains. This
trend is less evident using the RBFNN.

In agreement, the Pearson correlation coefficient computed
between the real age and the predicted one increases with the
number of components (see Table 3). Using all components,
the predicted age is highly correlated with the real one.

Both neural networks appear good predictors of age. How-
ever, in order to discharge hypothesis of overfitting and to
compare the behaviour of the two neural networks, the Pear-
son correlation coefficient for the three subsets (i.e., training,
validation and test group) is reported (Table 4). The correla-
tion in the group I is obviously high because the network was
trained on those data, however networks performances do not
degrade on never-seen data (patients of group III): the corre-
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Fig. 4 – Robust linear regression prediction. Scatter plots of predicted age vs. real age, keeping (a) 90%, (b) 95%, (c) 99% and
(d) 100% of variance for the robust linear regression. A clustering of the predicted age around the line of identity (dotted line)
may be observed increasing the kept variance.

F
d

ig. 5 – (a–d) Feedforward neural network prediction. Age predict
etails.
ion by the feedforward neural network. See Fig. 4 for
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Fig. 6 – (a–d) Radial basis function neural network prediction. Age prediction by the radial basis function neural network.
See Fig. 4 for details.

Table 3 – Percentage of kept variance, respective number
of necessary PCs and the Pearson correlation coefficient
computed between real age and predicted one

Kept variance (%) Number of
components

RLR FFNN RBFNN

90 3 0.688 0.721 0.744
95 4 0.699 0.759 0.805
99 6 0.758 0.824 0.821

100 16 0.793 0.872 0.829

Table 4 – The Pearson correlation coefficient between
three subsets of the original data (i.e., training,
validation and test group), for the three selections
described in Section 2.3

Kept variance
= 100%

Sampling I Sampling II Sampling III

FFNN
Group I 0.885 0.887 0.839
Group II 0.888 0.858 0.897
Group III 0.862 0.923 0.865

RBFNN
Group I 0.942 0.882 0.902
Group II 0.561 0.736 0.608
Group III 0.814 0.688 0.617

It’s worth noting the good performances obtained in the group III,
containing never-seen data.

lation coefficient is still high, thus demonstrating that neural
networks are good age predictors. In particular, performances
of FFNN is really comparable in each grouping of data, while
RBFNN has the tendency to slightly overfit the data (it has a
big performance degradation in moving from group I to II and
obviously to group III).

In Figs. 7–9, the box plots of the difference between pre-
dicted and real age are represented for different models and
different levels of kept variance. They are divided in the four
classes of age (young, adult, elderly and senescent), showing
that the central 50% of the age prediction of the young and
adult classes is overestimated, whereas the one of the elderly
and senescent classes is underestimated. It’s worth noting
that the prediction error median, in every model, decreases
when a larger percentage number of components is consid-
ered. More interestingly it is approximately zero for the radial
basis function.

Finally, gender differences were exploited, performing the
same analyses on males and females separately. In general,
the prediction capability and the quality of the estimate (under
and over estimation patterns in different age ranges) are con-
firmed. However, the Pearson correlation coefficient results
higher in the two subsets, in particular using the FFNN (males:
0.661–0.941; females: 0.811–0.907 keeping, respectively, 90%
and 100% of variance). This fact may be explained by observ-
ing that HRV is gender dependent [4] and the values are more
homogeneous within each group. Therefore, the prediction is

favourite.
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Fig. 7 – Robust linear regression prediction error in the four classes of age. Box plots of the difference between predicted and
real age computed over the four groups of age (young, adult, elderly and senescent), keeping (a) 90%, (b) 95%, (c) 99% and (d)
100% of variance for the robust linear regression. Each box plot has the following structure. The box itself contains the
middle 50% of the data and the line in the box represents the median value of the data. The lower and upper edges of the
box indicate, respectively, the 25th and the 75th percentile of the data set. The range of the middle two quartiles is known
as the inter-quartile range (IQR). The extreme values (within 1.5 times the inter-quartile range from the upper or lower
quartile) are the ends of the lines extending from the IQR. Points at a greater distance from the median than 1.5 times the
IQR are plotted individually as asterisks. These points represent potential outliers.

Fig. 8 – (a–d) Feedforward neural network prediction error in the four classes of age. Age prediction by the feedforward
neural network. See Fig. 7 for details.
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Fig. 9 – (a–d) Radial basis function neural network prediction error in the four classes of age. Age prediction by the radial
basis function neural network. See Fig. 7 for details.

4. Discussion

It is well-known that RR interval dynamics change markedly
from childhood to senescence: HRV decreases with age, sug-
gesting an age-dependent decline in autonomic nervous sys-
tem activity in elderly subjects. Increasing age during adult
life is associated with a reduction in overall HRV and also in
the complexity of physiological dynamics. This study confirms
this relationship, showing an evident HRV decline in tradi-
tional linear time and frequency domain parameters as well
as in non-linear indexes. In particular, power spectral param-
eters result the most negatively correlated with age, as pre-
viously reported [6,7]. Besides, non-linear parameters result
correlated with age too, even if their absolute correlation with
age is lower, in agreement with past studies [2,4,8]. The impor-
tant role of non-linear indexes was underlined by the PCA. In
fact, the observed mixture of PCA components (see Section
3.1) gives emphasis to the fact that the non-linear parameters
provide complementary information in respect to time and
frequency domain indexes (PC1 is mainly affected by spec-
tral parameters, while non-linear metrics mainly contribute
to PC2 and PC3).

Starting from the above considerations, the possibility to
capture the age-related influence on HRV has been explored
using three models of age predictors, namely RLR, FFNN and
RBFNN. The proposed models were able to capture relation-

this fact cannot be attributed to overfitting. In fact, perfor-
mance of FFNN was unaltered when passing from training to
test sets (see Table 4). Thus, this network was able to learn how
to approximate the complex function relating HRV and age,
without losing generalisation capability. Probably, the better
predictor capability of neural networks highlights the fact the
underlying relation is highly non-linear.

The general trend of the prediction confirms the unique
previous analogous work [9], as age in younger subjects is
overestimated whereas it is underestimated in older ones.
However, in our study a better age predication is obtained. In
our opinion, this fact can be explained by two observations:
(i) the use of long-term HRV indexes and (ii) the inclusion
of non-linear metrics. In fact, 24-h ECG recordings may pro-
vide a more complete description of HRV dynamics because,
during the whole day, the patient experienced many different
stimuli, and the autonomic nervous system is probed in vari-
ous situations, not only in laboratory controlled conditions. In
addition, the inclusion of non-linear metrics in the prediction
of subject age is fundamental: non-linear parameters provide
complementary information, mainly independent from those
obtained by time and frequency domain indexes for age pre-
diction and they cannot be neglected.

Age prediction may have different aims. First, the capabil-
ity to capture, in a finer way, the relationship between age and
HRV parameters is the propaedeutic step toward the definition
of normality ranges for healthy subjects of different age using
ships between age and HRV. In particular, the correlation coef-
ficient, computed between real and predicted age, increases
with the numbers of PCs used. The maximum values were
obtained, for all the methods, when all the PCs were used.
In general neural networks (0.872 versus 0.829 FFNN versus
RBFNN, all PCs) performed better than RLR (0.793, all PCs) and
many HRV parameters. More precise normality ranges would
improve our capability to discriminate between normal and
pathological states and lead to a better risk stratification in
cardiovascular disease. Secondly, assessing the performance
of HRV as a predictor of age may lead to the definition of
new biomarker of aging. The discovery of these biomarkers
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could accelerate the development of anti-aging interventions,
it could lead to a compression in mortality, to a reduction in
the severity of age-related declines and to an increase in the
lifespan. Finally, the HRV based prediction of age may be used
to highlight cardiovascular differences between healthy adult
subjects and healthy centenaries. As it has been suggested [7],
they may present HRV greater than that of old subjects.
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