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a gender-immune device

Annunziata Paviglianiti
DET - Department of Electronics and Telecommunications
Politecnico di Torino
Turin, Italy
annunziata.paviglianiti @polito.it

Abstract - Artificial intelligence, sensors technology and
sensors networks influence people behavior in everyday life. The
diffusion of mobile devices, based on Internet of Things (IoT)
paradigms, has created specific solutions for applications, in
which physical objects are connected to Internet system.
Wearable IoT (WIoT) represents a new IoT area, concerning
detection, processing and communication capabilities in the
field of healthcare. Vital-ECG is a smart device, related to
health monitoring, which complies with gender equality. The
wearable device takes the form of a smartwatch, which monitors
heart activity and the most important vital parameters: blood
oxygen saturation, skin temperature and fatigue level.
Electrocardiogram and plethysmogram signals are acquired
from Vital-ECG, which is able to track the blood pressure
values, through a deep learning implementation. The neural
algorithm has been implemented avoiding the '"Gender Bias''.
The gender balance in machine learning, especially in
biomedical application, is a crucial point to prevent algorithms
from making a distorted prediction, disadvantaging women.

Keywords— arterial blood pressure, ECG, electrocardiogram,
fairness, gender bias, machine learning, plethysmogram, photo-
plethysmogram, PPG, VITAL-ECG.

I. INTRODUCTION

Wearable computing devices have recently aroused the
interest of the medical community. The increase in healthcare
costs, the lengthening of average lifespan and the
predominance of cardiovascular diseases generate the need
for continuous monitoring of vital parameters to safeguard
population health. The development of personal mobile
devices is a way to facilitate person-centered assistance by
leveraging data detection, processing and communication [1].
Cardiovascular disease is the leading cause of death
worldwide (for both men and women). However, CVDs
develop 7-10 years later in women than in men. The risk of
heart disease in women is underestimated, due to the under-
recognition of diseases and the difference in the onset of
symptoms in women, which lead to less accurate treatment
solutions. Furthermore, the identification of women
cardiovascular risk factors requires more attention, and
consequently continuous monitoring of cardiac activity[2].
According to [3], in the past two decades the myocardial
problems have increased in middle-aged (35 to 54 years)
women, while declining in similarly aged men. The
importance of continuous health monitoring to avoid the
onset of irreversible diseases is combined with the use of
wearable devices, which safeguard health and produce an

Eros Pasero
DET - Department of Electronics and Telecommunications
Politecnico di Torino
Turin, Italy
eros.pasero @polito.it

alert in dangerous situations. In this particular scenario, the
use of gender-immune wearable devices is important to
ensure the necessary attention to cardiovascular disease in a
fair way. There are real physiological differences between
men and women; in the case of wearable technology these
differences can disadvantage the detection of dangerous
conditions in female subjects [4]. In this paper, the Vital-ECG
technology (coupled with a mobile app) is presented: this tool
can track bio-parameters, such as electrocardiogram, SpO2,
skin temperature, and physical activity of the patient [5].
Several studies have demonstrated that arterial blood pressure
(ABP) has a close relation with cardiovascular disease [6].
For this reason, the VITAL-ECG has been enriched with a
machine learning (ML) algorithm, capable of detecting blood
pressure values. It is necessary to guarantee a correct
prediction of the arterial blood pressure values, regardless of
the gender difference. Equity is an increasingly important
concern as machine learning models are used to support
decision making in high-risk applications, especially in
healthcare [7]. In this study, the implementation of the neural
network for the prediction of blood pressure values is
presented. In addition, a de-bias technique to make the
algorithm fair will be illustrated.

After the explanation of the term “Gender Medicine” in Sec.
IL, Sec. III contains VITAL-ECG description, the comparison
with others vital parameters monitoring devices and a
detailed illustration about the IoT paradigms on which
VITAL-ECG is based. Sec IV shows the machine learning
technique for ABP detection and a de-bias application in the
ML algorithm. Finally, Sec. V yields the conclusions.

II. GENDER MEDICINE

The concept of Gender Medicine derives from the idea that
the differences between men and women, in terms of health,
are related not only to their biological characterization and
reproductive functions, but also environmental, social,
cultural and relational factors defined by the term "gender".
The Organization World Health (WHO) defines "gender" as
the result of social criteria about behavior, actions and roles
attributed to male and female subjects [8] .
Gender diversity manifests itself:
e In the state of health, in the incidence of multiple
diseases, chronic or infectious, in environmental and
pharmacological toxicity, in work-related pathologies,



mental health and disability, in all age groups
(childhood, adolescence, the elderly).

¢ In the use of health services for prevention (screening
and  vaccinations), diagnosis,  hospitalization,
emergency medicine, use of drugs and medical devices

e In the experience of health, attitude towards disease,
perception of pain, etc.

Therefore, the study of Gender Medicine represents the
impact of biological, socio-economic and cultural differences
on the state of health and illness of each person. Indeed, many
diseases, which are common to men and women, have
different incidence, symptoms and severity. In addition, men
and women can also present a different response to therapies
and adverse drug reactions.

Ensuring equity in medicine is an important step in the
process of providing ad-hoc treatments and solutions to
women, even in diseases that in most cases concern men.
Only by proceeding in this direction it will be possible to
guarantee to everybody the best care, further strengthening
the concept of "patient centrality".

III. VITAL-ECGHARDWARE

Vital-ECG [9] is a wearable device, developed in the
Neuronica Lab of Politecnico di Torino, able to record
simultaneously ECG, PPG signals and others vital
parameters. As shown in Fig. 1, VITAL-ECG is a low-cost
user-friendly device, which has the size of a watch,
comfortable to use for any user (regardless of his/her gender)
at wrist.

Fig. 1 Vital-ECG design

A. Device Description

Signal acquisitions are performed without the necessity of
precise positioning or calibration. To take under-control the
main vital parameters, the use of the wearable device is
combined with the use of an Android App, which processes
the acquired signals and returns the results: when dangerous
situations are recognized (such as atrial fibrillation), an alarm
on the app transmits patient information about the current
health status. The ECG front-end schematic is shown in Fig.
2. The different blocks acquire independently the vital
parameters and transmit the data to the microcontroller,

which stores them into the internal memory and shares them
via Bluetooth. This telemedicine approach provides
physicians a way to keep patient health under observation.
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Fig. 2 VITAL-ECG block diagram (device architecture)

B. Comparison with other devices

In this section, a comparative analysis between among
wearable devices that monitor cardiac activity is conducted,
highlighting the aspects that make the device gender-
immune. VITAL-ECG is considered as a gender-immune
device because it acquires signals directly from the wrist,
without particular positioning. For this reason, it turns out to
process data equally in both men's and women's wrists (or
ankle). There are several devices that control vital
parameters. QardioCore ECG strap is a clinical-quality
wearable electrocardiogram recorder [10]. The QardioCore
device consists of a belt that wraps around the chest in order
to control cardiac activity. However, the device does not
appear to be gender-immune since the sensors (which should
be placed on the chest) suffer from disturbances in women,
due to the presence of the breast. Omron's HeartGuide is a
wristwatch that monitors arterial blood pressure. The
operating principle is based on swelling and deflation of the
strap. Unfortunately, the size of the smartwatch is 'too large'
for a woman's wrist, therefore it disadvantages measurement
and monitoring of ABP for a woman [11]. Vital-ECG pays
close attention to the gender problem, for this reason the
device is fair in the acquisition, processing and display of the
signals.

C. IoT Paradigm

Vital-ECG has been designed accordingly to the Internet of
Things paradigm for smart, wearable healthcare devices for
telemedicine and, more generally, mobile health. IoT
describes the concept of interconnecting physical devices to
the Internet world in a way to build a domain-specific
intelligence through seamless sensing, data analytics and
information visualization [12]. As shown Fig. 3, Wearable
IoT (WIoT) is the technological infrastructure that
interconnects VITAL-ECG to Android App platform to
enable health monitoring to enhance individuals’ everyday
quality of life.

WIoT aims at connecting body-worn sensors to the medical
infrastructure so that physicians can perform longitudinal
assessment of their patients when they are at home.
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Fig. 3 Architectural Elements of Wearable Internet-of-Things

IV. ML ALGORITHM FAIRNESS

To predict and monitor arterial blood pressure, an artificial
neural network is implemented and embedded in the VITAL-
ECG. Recently, machine learning techniques have gained a
huge popularity in the health field. ML methods are based on
the introduction of large amounts of data into the network;
however when the data is not balanced the results can be
affected by discrimination and they can generate unfairness
[13].

A. Artificial neural neworks

An artificial neural network is defined as a network
composed of a large number of simple processors, called
neurons, that are massively interconnected, operate in
parallel, and learn from experience [14]. The chosen
architecture for the implementation is a multilayer perceptron
(MLP) with two hidden layers. Different hidden layer size has
been tested to evaluate the corresponding network regression
performance to detect ABP values. Errore. L'origine
riferimento non & stata trovata. shows the optimal
architecture, which has 15 and 8 neurons in the first and
second hidden layer, respectively.
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Fig. 4 Artificial Neural Network architecture

The inputs are the entire ECG and PPG recordings extract
from MIMIC II Database [15][16]; the output is the blood
pressure signal (ABP), synchronized to the two input signals.
The hyperbolic tangent was used as transfer function for the
hidden layers, while for the output regression layer, the linear

function was chosen. The Levenberg—Marquardt algorithm
(LMA) is implemented, which is normally adopted to solve
generic curve-fitting problems. This fitting algorithm is quite
performing in this kind of task because it finds local
minimum; indeed, it can be seen as trade-off technique
between the Gauss—Newton algorithm (GNA) and the
method of gradient descent [17].

For network implementation, input and target vectors have
been randomly divided into three sets as follows: 70% for
training set, 15% to validate that the network (validation set)
is generalizing and to stop training before overfitting and the
remaining 15% is used as a completely independent test for
network  generalization  (test set).  Finally, the
backpropagation was applied as learning algorithm.

B. Bias Encoded in Data

Often, the data we use for training neural networks includes
biases. Heart disease has often been considered a
predominantly male problem, underestimating the clinical
cases of female patients. This idea can cost the female
healthcare. According to a research published in the Journal
of Preventive Cardiology ,which has examined the opinions
of 52 doctors and over 2200 patients [18], mortality has
decreased in men since the 1980s because they receive better
treatment and more effective secondary prevention after the
first CVD acute event. The great attention placed on
cardiovascular problems, which concern men, has led over
the years to the construction of unbalanced databases,
characterized by men's pathologies, paying less attention to
the symptoms, treatments and therapies dedicated to women.
Of course, machine learning techniques are designed to adapt
to data, and so it will be naturally replicate any bias already
present in the data. For this reason, a bias mitigation
technique will be applied.

C. Bias Mitigation Technique

The de-bias technique is based on AIF360, a new open source
tool for algorithmic fairness, designed as an end-to-end
workflow. The technique should be able to go from raw data
to a fair model as easily as possible [7].

Fig. 5 shows a generic pipeline for bias mitigation.

Original Dataset
Training
Validation

Test

learn

Fair pre-processor

il

Trasformed Dataset

. Fair
— classifier N
Training learn Predicted

T Dataset
Test

Fig. 5 De-bias technique workflow

Every output in this process is a new dataset that shares, at
least, the same protected attributes as other datasets in the



pipeline. Every transition is a transformation that may modify
signals between its input and output. Trapezoids represent
learned models that can be used to make predictions on test
data. The data used to train the ABP algorithm model are
unrepresentative and incomplete. Unrepresentative training
data is by definition biased. Consequently, the algorithm will
malfunction and will not guarantee a correct and fair
prediction about individual's health status. Since datasets are
data recording from past biased decisions, models trained on
this data will simply reflect and reinforce the bias. The cost
function was set up to minimize the error between the target
and the output. However, the methodology used to train the
data leads to bias. Reweighting is a pre-processing algorithm
used to mitigate bias prevalent in the MIMIC II training data.
The technique recommends generating weights for the
training examples in each combination differently to ensure
fairness before classification [19]. The idea is to apply
appropriate weights to different tuples in the training dataset
to make the training dataset discrimination free with respect
to the attributes.

V. CONCLUSION AND FUTURE WORK

In this paper, a careful analysis on gender issues has been
made. VITAL-ECG is a low-cost, unobtrusive, wearable
device that monitors cardiac activity and arterial blood
pressure values, in order to ensure a continuous healthcare
monitoring. Based on IoT paradigms, VITAL-ECG protects
gender equality. This is possible thanks to its comfortable
design, which allows detecting, processing and
communicating health status through an Android App. The
ABP detection is made possible through a machine learning
approach (embedded in VITAL-ECG device). Unfortunately,
the data used to train the neural network are affected by
biases. For this reason, a de-bias technique is implemented to
avoid the gender bias and guarantee women a correct reading
of their monitoring and diagnosis. Future works will concern
the improvement of de-bias techniques, applying fairness
solutions also to post-processing data. Finally, the fairness of
the system, can be trusted with other de-bias methods.
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