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Abstract— Prompt diagnosis and correct therapy are essen-
tial for the treatment of cardiovascular diseases. A proper
evaluation of electrocardiography (ECG) tracings could help
to analyze the different effects of drug therapies in men and
women and therefore would allow the prescription of more
specific drugs and dosages. For this purpose, it is essential
to know the morphology of the ECG and to know how to
read it correctly. In recent years there has been an increasing
awareness of the differences between a male and female ECG
trace and, therefore, of the need to take them into account to
obtain a correct diagnosis. This work proposes a method for the
recognition of the subject’s sex starting from the morphology
of the ECG trace alone to highlight sex differences.

This technique employs Functional Data Analysis (FDA), a
statistical approach specifically developed for the analysis of
curves and surfaces. We proved the adequacy of our method
by evaluating its ability to classify the traces correctly and
is proposed as a smart analysis tool to be employed in the
development of ad hoc cardiac drugs. The procedure foresees
a preprocessing of the signal through a Butterworth filtering,
wavelet-based smoothing, and alignment of the traces. We then
classify the signals through a cluster analysis in the form of
multivariate functional k-mean procedures. The result is a
semi-automatic assignment of the sex of the subject to which
the ECG belongs. The method reaches better performances
when considering younger subjects because morphological dif-
ferences between sexes are more evident in this subpopulation,
as previously highlighted in literature. More specifically, the
accuracy is 77.8% in the younger population and 71.4% in
elderly subjects. The technique hereby proposed is a valuable
tool for the exploration of ECG tracings to be employed in
clinical and pharmacological research.

Index Terms— ECG, FDA, gender medicine, cluster analysis

I. INTRODUCTION

Cardiovascular diseases are one of the leading cause of
death worldwide [1]. For this reason, correct evaluation and
treatment of risk factors are essential. In this context, the
evaluation of the patient’s health or pathological state is done
through the analysis of the ECG traces. Thus it is necessary
to be aware of the characteristics of the ECG, in order to be
able to recognize a potential pathology.

It has been known for several years that the risk of
heart disease is not the same in men and women and that
the response to therapies also varies with sex [2]. For this
reason the study of sex differences is fundamental to allow
adequate prevention and treatment. In the clinical field, major
differences between the two sexes were reported during the

early adulthood, while they become minor with advancing
years: in men under the age of 50 the percentage of patients
is higher, but in the case of disease the prognosis for
women is worse. In particular the percentage of death related
to cardiovascular disease is significantly higher in women
compared to men (51% vs 42%), nonetheless the risk of
experiencing the first cardiovascular complication is lower
and it emerges in the female population ten years later than
in the male one [2] [3].

These differences also influence the pharmacodynamics
of drugs when administerd to men and women. In fact, the
latter often present adverse drug reactions, in the form of
torsades de pointes (QT interval prolongation in ECG trace),
skin diseases and bleeding complications. This may be due
to the fact that most clinical trials enrol mainly middle-aged
men and, therefore, drug therapy is often inadequate, or even
adverse, for women [4].

The analysis of the ECG is a valuable diagnostic tool
that could be even more effective if sex differences were
correctly considered. The diagnostic process is based on
the identification of reference points, and the comparison
of associated parameters, such as wave amplitude and in-
tervals between successive waves, with physiological values.
Previous studies in literature have analyzed the differences
between such parameters in male and female ECG tracings
[3]. The most relevant findings are summarized in Table I.

TABLE I:

Sex differences in ECG parameters:mean values and the standard
deviation in healthy female subjects and healthy male subjects [5] [6] [7].

Male Female
Heart rate [bpm] 70 74
PR interval [msec] 167.32+16.6 155.77+£20.5
QRS duration [msec] 90.15+13.7 67.87+£9.5

QT interval [msec] 405.47+12.10  425.87+14.40

The complete assessment of these differences is far to be
reached and the reasons accounting for them remain largely
unknown [8]. Further studies assessing sex differences in the
ECG would allow better diagnoses, and also more efficacious
therapies. Bridging the care gap between men and women
would improve both the analysis and the treatment of many
women affected by cardiovascular diseases. The purpose of
this study thus is to propose a smart tool for the analysis and
classification of ECG traces.



II. METHODS

This Section will describe the dataset used in the present
work, and the analysis performed, which include the pre-
processing of the different traces, the synchronization and the
perform of cluster analysis. All the steps were implemented
employing the SciPy [9] and the Scikit-fda [10] Python
libraries.

A. Data

In this work we analysed 34 ECG traces, taken from
“PhysioNet, Fantasia Database” [11] [12]. This database
was chosen because it contains the results of several ECG
traces in very similar conditions: the subjects underwent 120
minutes of supine resting, while watching the movie Fantasia
(Disney, 1940) to help maintain wakefulness, and continuous
(ECGQG) registration is acquired. Furthermore, subjects have
been previously examined to ensure their health situation.
Table II shows the characterization of the analysed popula-
tion.

TABLE II: Population characterization

Number of Young subjects Old subjects
subjects (20 - 35 years old) (65 - 85 years old)
Male 18 9 9
Female 16 9 7

B. Pre-processing

Before the evaluation of the differences between male and
female traces, it is necessary to pre-process them, in order to
eliminate the noise and make the different ECGs comparable.
The following steps were made on each trace before the
evaluation through FDA:

1) Extraction of single beat: all the evaluations on the
ECG traces were made considering a single heartbeat
in order to reduce computational costs and time. For
all the traces the second recorded beat was considered.
For the identification it was necessary to previously
detect all R peaks.

2) Zero averaging: to ensure that the different beats are
comparable to each other every trace has its own mean
subtracted.

3) Smoothing: the ECG traces provided by the database
are discreet and affected by noise. Therefore filtration
and smoothing were necessary.

A low pass Butterworth filter was used for noise re-
moval.As regards the smoothing operation, it consists in
highlighting significant patterns, attenuating the residual
noise generated by environmental, electrical, electronic
or physiological artifacts. Even a small failure of mono-
tonicity in a curve can have serious consequences for
the corresponding growth velocity, and even more so
for acceleration curves.

There are several methods for the trace smoothing,
in particular in this study we employed the wavelets
method: unlike conventional filters [13], the wavelet-
based method is able to better reconstruct a function,

especially if not periodic, such as the ECG. In particular,
the Symlet wavelet family is applied (Fig. 1) as this
basis is sufficiently smooth to allow the computation of
the first derivative of the estimated functional data.
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Fig. 1: On the left the raw signal, on the right the same signal
after being filtered with Butterworth low-pass and smoothed
with wavelet method

C. Landmarks registration

Within the heartbeat we can define events that occur
in sequence and at certain times. Each individual has his
own “biological time”, that means that every event happens
with different timing. This means that if we overlap the
filtered beats as they are, they would all be staggered.
Therefore, a landmark registration is required, that means
a synchronization based on reference points.

The landmarks considered are the peaks of the character-
istic waves of the ECG, therefore the peaks P, Q, R, S and
T. In reference to these points, we define a warping function
h(t), that “maps the time” into its physiological counterpart.
For this purpose, we define a function 5;(?) for subject i such
that at physiological time ¢ this subject has a chronological
timing of h;(t). Therefore, the warping functions modify
the geometry of the curves so that the time of their peaks
matches [14]. The average values of the different landmarks
are shown in the Table III, while the warping functions are
represented in Fig. 2. In order to report all the curves in a
standardized time, it is necessary to “accelerate” or “slow
down” the timing. This is done by the function:

Vi) = VIh()] (1)

which scales the curves so that the various peaks occurs at
the “right time”. Fig. 3 shows the registered curves.

D. Derivatives

The study of the first and second derivatives is
fundamental for the evaluation of the morphology of
the curve as it allows the analysis of the local properties
and so the evaluation of any alteration of the curve. In
particular, the first derivative corresponds to the velocity:
the comparison between derivatives of different traces helps
to understand the timing of the different events. The second
derivative, on the other hand, corresponds to the acceleration
and helps us to understand the curvature of the tracings.



TABLE III: Mean and standard deviation of the landmarks
timing of all the traces

Mean value Standard deviation
P [sec] 0.25 0.07
Q [sec] 0.30 0.06
R [sec] 0.34 0.06
S [sec] 0.38 0.07
P [sec] 0.54 0.09
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Fig. 2: Time warping function A(z). The curves above the
diagonal represent the slowest ECG traces for which the
warping function had to “’speed up” the physiological time.
The opposite is true for the curves below the diagonal. It
is possible to observe how males mainly occupy the upper
portion of the Figure, while female’s timing results slower.

E. Cluster Analysis

Once the signal has been filtered and registered it is
possible to proceed with its evaluation through a multivariate
functional k-means clustering procedure.

Cluster analysis consists in grouping data based on simi-
larities. For each grouping a centroid is identified and, based
on the distance from it, a certain function is assigned to its
grouping through an optimization algorithm. The distance
can be calculated according to different equations. In this
study the Euclidean distance is considered:

dF;(t),Fj(t) = \/Zn:/T(Fi(f) —Fj(1))%dt (2)
r=1

This equation depends only on the function of the ECG
trace, while it would be interesting to consider also other
equations for the computation of the distance. In particular it
would be interesting to consider the role of the first derivative
of the curve to distinguish between different morphologies.
The evaluation of the distance minimization, also using the
definition of the distance as a function of:

e both ECG trace and its derivative;

« only of the ECG trace derivative;

and the respective costs, would allow a better decision on
the optimal cluster assignment method.

The computation of the centroids of each cluster takes
place through an iterative algorithm in which we want
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Fig. 3: Smoothed and registered ECG traces of 34 healthy
subjects. The registration was done by synchronizing the
landmarks through the warping function

to minimize the distance between the centroids and the
functions belonging to that group. The number of groupings
is defined a priori.

In this study, fuzzy c-means clustering was chosen to be
applied in the cluster analysis because previous literature has
shown as it can be considered a more accurate algorithm
compared to the standard k-means algorithm. Unlike the k-
means algorithm, where the data points exclusively belong to
one cluster, in the case of the fuzzy c-means algorithm, the
data points can belong to more than one cluster with a certain
percentage. Fuzzy c-means clustering gives comparatively
better results for overlapped data sets [15].

As a first approach, a single analysis was carried out
on all the traces, defining two clusters, considering one for
men and one for women. The assignment of the clusters
was made to optimize the results, that means the distance
minimization. Further analysis were considered necessary
and other two methods were performed: only the young
subjects and only the old subjects. The aim is to confirm the
experimental evidence previously discussed by comparing
the ECGs through two different cluster analyzes, one for
young individuals and one for elderly individuals, each with
two groupings: men and women. For the different groups
of subjects, the clustering optimization algorithm led to the
definition of different centroids in order to minimize the
distance of the ECG curves from the centroid of the cluster
they belong to.

The results of the cluster analysis were then compared with
real data through a confusion matrix and, in order to evaluate
the validity of the method, the accuracy was assessed using
the formula:

tp+tn
= ——"—"—""+
tp+fp+tn+fn

Where p, tn, fp and fn indicate respectively the results
that are true positive, true negative, false positive and false
negative.

For a further analysis of the shape of the ECG curve, the
cluster analysis was carried out also on its derivatives in order

3)



to study the slope and its variation.

III. RESULTS

The first classification approach was applied to the curves
of the traces. The result of the different methods are the
centroids of the clusters shown in Fig. 4. The two graphs
relate only to the young and old population, as it is important
to distinguish the subjects also according to age. The same
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Fig. 4: Comparison of the centroids found according to the

assignment to the clusters with different methods: in the first

plot are represented the young subjects, in the second plot

elderly subjects.

cluster analysis was also carried out on the derivatives of the
ECG curves to evaluate the differences, as well as a function
of the vertical displacement of the curves, that means the
amplitudes of the signals, also of variations in slopes and
curvatures. A comparison between the centroids obtained
through the classification with the methods previously de-
scribed is shown in Fig. 5 for the first derivative and in Fig.
6 for the second derivative.

The accuracy of the method was evaluated and the values
related to the different methods are reported in Table IV. The
application of the method reaches the highest accuracy values
when applied to the young population for all the curves
considered, in particular for the second derivative (81.11%),
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Fig. 5: Comparison of the centroids of the cluster analysis on
ECG first derivatives in young (left) and old subjects (right).

Young subjects 0ld subjects

- Female
— Male

. Female
4000 - Male 400

- A

2000 ‘ ’

e [mV/s~2]

|
I

S

s
.
;L_AA

Second vative [mV/s”~2]
°

-4000 J

00 02 04 06 08 10 00 02 04 06 08 10
Registered time [s] Registered time [s]

Fig. 6: Comparison of the centroids of the cluster analysis
on ECG second derivatives in young (left) and old subjects
(right).

while it is not sufficiently satisfying when the method is
applied to all the ECG traces together.

TABLE IV: Comparison of the accuracy of different methods
used for cluster analysis applied on the ECG traces, their
derivatives and their second derivatives.

Accuracy (%)

Traces  First derivative  Second derivative
All subjects 56.25 58.65 61.94
Young subjects ~ 77.78 77.78 81.11
Old subjects 71.42 74.71 74.71

IV. DISCUSSION

As it is shown in Table IV, whether the method is applied
to traces, first derivatives or second derivatives, when we
refer to the all subjects together we obtain a lower accuracy.
The reason is that the traces were evaluated distinguishing
only between sexes and not by age, which is instead an
extremely relevant factor.

Moreover, the accuracy has greater value when the anal-
ysis is applied only on young patients, while it decreases in
elderly patients. These results are consistent with what stated
by Carbone et al. [3]: the risk of cardiovascular disease tends
to be equal between elderly men and women, while the risk
is different in the age group between 20 and 50 years. The
different propensity to the pathology presupposes differences
in the ECG tracings, confirmed in this study.

The accuracy increases when the method is applied to the
first derivative of the curves, rather than to the ECG traces
themselves. This depends on the fact that the main difference
between male and female ECG lies in the duration of the
waves, rather than in the amplitude of the tracings. As shown
in Fig. 5, the greatest difference between male and female



traces is observable at a young age, while it is more similar
between elderly subjects. In general, the peaks reach higher
values in the ECG of younger population and the female
category presents lower peaks at any age.

Finally, in the figure we can observe some oscillations
especially at the end of the registered time. The reason is
an amplification of the error due to the noise that occurs in
the calculation of the derivatives. Such fluctuations are also
present in the curves of the second derivatives, which in turn
are relied to the rate of change in the slope of the curves.
From the comparison in Fig. 6 it is possible to note that also
in this case the differences are greater at a young age and
that women tend to have smaller peaks than men at all ages.
The major differences emerge in the QRS interval, which
underlies ventricular depolarization [16].

From the comparison of the results obtained from the
traces and their derivatives, we can assert that for a correct
analysis of the ECG signal, the evaluation of the peaks values
alone is insufficient because the greatest differences between
the sexes are related to the duration of subintervals, rather
than to the amplitudes. The analysis of the derivatives should
be considered for the development of a classification tool.

However, we aim at further increasing the accuracy of
the method proposed by implementing the following steps
in future works:

« As mentioned in Section II, the belonging of a function
to a certain cluster can be evaluated through multiple
distance definitions. It would be interesting to verify if
a different definition of the distance would affect the
results;

o In this work the value of k was initialized a priori. It
would be interesting to employ a Silhouette analysis
comparing multivariate functional k-mean procedures
with different values of k, to verify that the number
of cluster employed is actually the optimal one;

o The analysis was carried out on a limited number of
individuals, all healthy. A possible extension of the
present work could verify if different pathologies affect
the ECG traces of men and women in distinct ways.

V. CONCLUSIONS

In this work we propose a tool for the semi-automatic
analysis and classification of ECGs based on FDA and fuzzy
c-means clustering. The method achieves an accuracy always
higher than 70% in every simulation performed considering
the young and old population separately. Thus, we conclude
that this method is effective in distinguishing the male and
female ECG signals, especially in case of young subjects. In
addition, the accuracy is greater if the clustering is performed
on the derivatives of the ECG traces, rather than on the
curves themselves: the greatest differences are not due to
the amplitude of the signal and its peaks, but to the timing
and, therefore, male and female traces are characterized by
different speeds and rates of change.

Our results evidenced the existence of significant sex-
based differences. Moreover, the role of the age in shaping

the ECG morphology emerged as fundamental, as well as
the evaluation of the derivatives.

This work lays the foundations for the development of
a sex-differentiated ECG reading method, based solely on
morphology. In fact, thanks to the FDA it is possible to carry
out a categorization of the ECG traces and to develop a smart
analysis tool for their correct reading: a better understanding
of the differences between men and women would allow, in
addition to a better diagnosis, a research for the development
of drugs for cardiovascular diseases that is more targeted on
the specific patient.
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