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Summary
Objectives: To estimate age of healthy subjects by
means of the heart rate variability (HRV) parameters
thus assessing the potentiality of HRV indexes as a
biomarker of age.
Methods: Long-term indexes of HRV in time domain,
frequency domain and non-linear parameters were
computed on 24-hour recordings in a dataset of 63
healthy subjects (age range 20-76 years old). Then, as
interbeat dynamics markedly change with age, showing
a reduced HRV in older subjects, we tried to capture
age-related influence on HRV by principal component
analysis and to predict the subject age by means of a
feedforward neural network.
Results: The network provides good prediction of pa-
tient age, even if a slight overestimation in the younger
subjects and a slight underestimation in the older ones
were observed. In addition, the important contribution
of non-linear indexes to prediction is underlined.
Conclusions: HRV as a predictor of age may lead to
the definition of a new biomarker of aging.
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1. Introduction
Biological markers of aging could be of
great interest, as many old people develop
conditions causing rapid or progressive dis-
ability before the end of their life and their
biological age can be considered different
from the chronological one. The ability to
measure biological age may lead to a better
prediction of the average rate of aging in the
population and could be an important clini-
cal tool in assessing both the risk for medi-
cal procedures and the likelihood of de-
veloping an early onset of age-related dis-
eases.

It is a well-known fact that heart rate
variability (HRV), explored by traditional
methods in time and frequency domain and
recently by methods based on chaos and
non-linear theory [1-3], changes markedly
from childhood to senescence [4]. HRV de-
creases with age, suggesting an age-depen-
dent decline in autonomic nervous system
activity in elderly subjects. This decline is
evident in many time and frequency domain
HRV parameters which are statistically and
negatively correlated with age [4-6]. This
trend has also been confirmed by non-linear
methods.

Starting from the above considerations,
some authors proposed models able to pro-
vide a simple description of the effect of
senescence on HRV [7]. In this paper the
possibility to capture the age-related in-
fluence on HRV is explored using principal
component analysis (PCA) and neural net-
works. PCA is used to enhance single and
independent contributions to the complex
phenomena of HRV changes related to age,
whereas the neural network is trained to
predict patient age.

2. Methods

2.1 HRV Features

A set of 16 features were computed from the
RR interval series. They include linear time
and frequency domain parameters as well as
non-linear metrics. They are briefly ex-
plained in the following.

2.1.1 Time and Frequency Domain Methods

Time domain and frequency domain in-
dexes of HRV were computed on the entire
24-hour RR recordings [8]. Time domain
parameters include the mean (M) and the
standard deviation (SD) of all normal RR in-
tervals (NN intervals), the SD of the average
NN (SDANN) calculated over 5-minute
periods, and the mean of the 5-minute stan-
dard deviations of NN (SDNNi). In addi-
tion, the square root of the mean squared
differences of successive RR intervals
(rMSSD) and the percentage of interval dif-
ferences of successive RR intervals greater
than 50 ms (pNN50) were computed.

The power spectrum densities (PSD)
were estimated on the entire 24-hour record-
ings. A smoothed PSD was obtained by
averaging the rough PSD in 256 frequency
bins. Logarithms of spectral power were
evaluated in four pre-defined frequency
bands [8], namely ultra-low frequency
(ULF), very-low frequency (VLF), low fre-
quency (LF) and high frequency (HF). In
addition, the slope of the power spectrum (β
slope) was calculated by a robust line fitting
algorithm of log(power) and log(frequency)
plot of the smoothed power spectrum over
the frequency range of 10–4 to 10–2 Hz [9].
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2.1.2 Poincaré Plot Indexes

The Poincaré plot is a scatterplot of the cur-
rent RR interval plotted against the preced-
ing RR interval. Points above the line of
identity indicate RR intervals that are long-
er than the preceding RR interval, and vice
versa. Accordingly, the dispersion of points
perpendicular to the line of identity reflects
the level of short-term variability (SD1) and
it is quantified by the standard deviation of
the distances of the points from the line of
identity. The standard deviation of points
along the line of identity reflects the stan-
dard deviation of the RR intervals, indicat-
ing the level of long-term variability (SD2).

2.1.3 Approximate Entropy

Approximate Entropy (ApEn), reflecting
the likelihood that “similar” patterns of ob-
servations will not be followed by additional
“similar” observations, is a measure quan-
tifying the regularity of time series. A time
series containing many repetitive patterns,
i.e. a regular and predictable series, has a
relatively smallApEn; a less predictable, i.e.
more complex, process has a higher ApEn
[2].

Given a sequence SN, consisting of N in-
stantaneous heart rate measurements
(RR(1), RR(2), … , RR(N)) and a criterion of
similarity r, an estimate of ApEn can be
obtained by computing the following
function:

(1)

The quantity Cim(r) is the fraction of pat-
terns of length m that resemble the pattern of
the same length that begins at sample i, that
is pm(i), nim(r) is the number of patterns that
are similar to pm(i) [2]. We can calculate
Cim(r) for each pattern i, and we define
Cm(r) as the mean of these Cim(r) values.The
quantity Cm(r) expresses the prevalence of
repetitive patterns of length m in SN. Finally,
we define the approximate entropy of SN, for
patterns of length m and similarity criterion
r, as

(2)

i.e., as the natural logarithm of the relative
prevalence of repetitive patterns of length m
compared with those of length m + 1. Stan-
dard [2] parameter values were chosen for
the pattern length (m = 2) and similarity
criterion (r = 0.2).

2.1.4 Detrended Fluctuation Analysis

The Detrended Fluctuation Analysis (DFA)
quantifies fractal-like correlation properties
of RR series [3]. Briefly, the interbeat inter-
val time series of total length N is first inte-
grated and then divided into boxes of equal
length n. In each box, a least-squared line is
fit to the data and the integrated time series
is detrended by subtracting this local trend
yn(k). The root mean-square fluctuation of
this integrated and detrended time series is
calculated by

(3)

This computation is repeated over all time
scales (box size) to relate F(n) to the box
size n. The slope of the line relating
log(F(n)) to log(n) is then computed in two
scaling ranges: a short-range scaling expo-
nent, α1, over periods of 4 to 16 beats, and a
long-range exponent, α2, over periods of 16
to 256 beats [3].

2.2 Principal Component Analysis
The Principal Component Analysis (PCA)
generates a new set of variables, the princi-
pal components (PC), that result in a linear
combination of the original ones [10]. All
the PC are orthogonal to each other, there-
fore no redundant information is present. In
this study, all 16 computed parameters are
used in the PCA in order to understand the
weight of each index.

2.3 Feedforward Neural Network
Artificial neural networks are generic non-
linear function approximators extensively
used for pattern recognition, classification
and non-linear regression [11, 12]. A neural

network is a collection of basic units, called
neurons, computing a non-linear function of
their input. Every input has an assigned
weight that determines the impact this input
has on the overall output of the node. In this
paper, to improve generalization capability,
we use the early stopping technique [13]
consisting of using a validation set to stop
the training algorithm before the network
starts learning noise in the data as part of the
model. The analysis is performed using a
feedforward architecture and the Leven-
berg-Marquardt training algorithm [14, 15].
We use the early stopping technique to im-
prove the generalization of the network; a
validation set was obtained by hiding 25%
of the data from the training set, the error on
the validation is monitored during the train-
ing phase, and, as the error on the validation
set begins to increase, the training is
stopped. A two-layer network with three
neurons in the first layer and one neuron in
the second (output) layer is used; the
transfer function is a hyperbolic tangent in
the first layer and linear in the second one.
In order to have more robust network re-
sults, we make the network run 100 times
and then we take as a result the mean and the
median of the 100 predicted ages for every
subject.

2.4 Experimental Dataset
The measures of RR interval dynamics were
computed from long-term recordings:
24-hour ECG recordings from 63 healthy
subjects, 33 males and 30 females, of 55 ±
15 years old (range 20-76) were analysed.
Data come from the PhysioNet normal sinus
rhythm RR interval database (47 record-
ings) and the PhysioNet normal sinus
rhythm database (16 recordings) [16]. The
RR interval time series were carefully re-
viewed to eliminate artefacts, premature, or
missed beats. In particular the values during
a gap resulting from artefacts, noises and
exclusions of ectopic beats were assumed to
be the linear interpolation of the preceding
and the subsequent RR intervals. All sub-
jects had at least 17 hours of ECG data, the
average duration of the recordings was
22.5 ± 1.5 hours. The population was di-
vided into two classes based on subjects’

Methods Inf Med 2/2007

192

Corino et al.



age: i) young, 20-50 years old and ii) elderly,
50-76 years old.

3. Results
Relations among the first four components
of PCA and the significantly correlated
HRV indexes are reported in Table 1. The
first principal component (PC1) is mostly
related to the traditional time and frequency
domain parameters; in particular PC1 ap-
pears highly correlated to SDNNi and spec-
tral parameters, whereas the main contribu-
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PC1

logHF 0.31

logLF 0.29

logVLF 0.31

SDNNi 0.34

SDANN 0.17

ApEn 0.19

α1 – 0.15

slope – 0.13

PC2

– 0.17

– 0.11

0.06

– 0.01

0.47

– 0.41

0.16

0.24

PC3

–0.10

0.31

0.21

0.15

0.02

– 0.09

0.65

– 0.42

α2

M

– 0.09

0.19

0.28

0.09

– 0.33

0.07

PC4

0.15

0.19

– 0.22

– 0.07

0.21

– 0.12

– 0.02

0.35

– 0.55

– 0.57

Table 1 The first four PCs and significantly correlated variables (in bold the most relevant)

Fig. 1 Scatter plots of mean predicted age vs. real age, keeping a) 90%, b) 95%, c) 99%, and d) 100% of variance. A clustering of the predicted age around the line of identity (dotted line)
may be observed passing from a) to d).

a) c)

b) d)



tions to the second component are provided
by the ApEn, negatively correlated with
PC2, and by SDANN. The most important
roles in the PC3 are played by the slope of
the power spectrum, negatively correlated,
and by α1, the short-range scaling exponent
of DFA, whereas the PC4 results highly
negatively correlated with the RR intervals
mean and with α2, the long-range scaling
exponent of DFA. As every component rep-
resents a single and independent contribu-
tion to the investigated complex phenom-
ena, the observed composition gives em-
phasis to the fact that the non-linear param-
eters provide important and complementary
information, independent of the traditional
indexes.

Figure 1 shows the scatter plots of real
age vs. the mean predicted age, obtained
using different number of PCA components
(3, 4, 6, all components) corresponding to
the 90-95-99-100% of kept variance. A pro-
gressive gathering around the identity line
(dotted line) is clearly visible, increasing the
number of components, demonstrating that
the feedforward neural network provides a
better estimate when the number of ana-

lyzed features is increased. A slight over-
estimation in the younger subjects and a
slight underestimation in the older ones can
also be 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
underestimate age in the elderly remains. In
agreement the Pearson correlation coef-
ficient computed between the real age and
the mean and median predicted one in-
creases with the number of components (see
Table 2). Using all components, the pre-
dicted age is highly correlated with the real
one.

In Figure 2, the mean and the standard
deviation of the difference between pre-
dicted and real age are represented for the
young and elderly population. It may be
noted that the age predicted in the young
class is overestimated, whereas the one of
the elderly class is underestimated, but also
that this prediction error decreases ob-
viously keeping a larger percentage of vari-
ance.

The same analysis was performed on
males and females separately: the general
trend is confirmed, even if these results
should be confirmed with a more numerous
subset of patients.

4. Discussion and Conclusion
Increasing age during adult life seems to be
associated with a reduction both in overall
HRV and in the complexity of interbeat dy-
namics. This loss of complexity may be due
to both structural factors and functional
changes. Both the traditional time and fre-

quency domain and the recent non-linear
analysis have shown that most HRV
measurements were statistically and nega-
tively correlated with age. In this paper, we
were able to predict patient age in a healthy
population, knowing HRV parameters: the
correlation between mean predicted age and
real age is higher than the results presented
in literature [7]. This may be explained by
the fact that non-linear parameters were in-
cluded in the analysis and by the fact that
that analysis was performed on the entire
24-hour recordings.

Assessing the performance of HRV as a
predictor of age may lead to the definition of
a new biomarker of aging and thus may be
useful for screening purposes and for under-
lining cardiovascular differences between
healthy young and adult subjects and
healthy centenaries.

Kept
variance

Number of
components

90% 3

95% 4

99% 6

100% 16

Pearson
correlation
(mean)

0.721

0.771

0.827

0.934

Pearson
correlation
(median)

0.712

0.761

0.820

0.945

Table 2 Kept variance and respective number of neces-
sary PC. Pearson Correlation Coefficient computed between
real age and mean and median predicted age

Fig. 2
Mean ± SD of the differ-
ence between predicted
and real age computed
over the two groups of
age (young and elderly),
keeping 90-95-99 and
100% of variance
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