TIJER || ISSN 2349-9249 || © July 2023 Volume 10, Issue 7 || www.tijer.org

Review of Blood Pressure Detection based on Machine
Learning Techniques

Smriti Chand, Mrs. Gagan Preet Kaur
Assistant Professor
Dr. Rishu Bhatia, Professor
Electronics and Communication Engineering
Ganga Institute of Technology and Management, Kablana, Jhajjar, Haryana

Abstract— High blood pressure, also- known as
hypertension, is a prevalent and potentially life-
threatening medical condition that affects millions
of individuals worldwide. Early and accurate
detection of blood pressure levels is crucial for
effective management and prevention of related
health complications. Machine learning techniques
have emerged as powerful tools for analyzing and
predicting various medical conditions, including
blood pressure. Heart disease is major cause due to
the high blood pressure. The ECG dataset provide
the information of blood pressure status as well as
heart pulse rate. This article aims to provide an
overview of the application of machine learning in
blood pressure detection, highlighting different
techniques, challenges, and future prospects.
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l. INTRODUCTION

High blood pressure is a significant risk factor for
cardiovascular diseases and other health problems.
Traditional methods of blood pressure measurement,
such as sphygmomanometers, require manual
intervention and may not provide continuous
monitoring. Machine learning algorithms offer an
alternative approach that can process large volumes of
data, identify patterns, and predict blood pressure
levels. Blood pressure detection is a critical aspect of
healthcare, as it helps in the early diagnosis and
management of hypertension, a prevalent medical
condition associated with various cardiovascular
diseases. Traditionally, blood pressure measurement
involves the use of a sphygmomanometer, which
requires  manual intervention and  periodic
measurements. However, advancements in technology
and the application of machine learning techniques
have paved the way for more efficient and continuous
blood pressure monitoring.

Machine learning algorithms have proven to be
powerful tools for analyzing medical data and
predicting blood pressure levels. These algorithms can

process large amounts of data and identify patterns
that may be difficult for humans to detect. By training
on labeled datasets, machine learning models can learn
the relationship between input features and blood
pressure measurements, enabling accurate predictions.

Before training machine learning models, data
preprocessing steps are performed, including data
cleaning, normalization, and feature engineering.
Feature extraction techniques focus on  extracting
relevant information from physiological signals, such
as extracting heart rate variability or spectral features
from ECG data. Feature selection methods help
identify the most informative features that contribute
to accurate blood pressure predictions, reducing
dimensionality and improving model efficiency.

validation, are used to assess the performance of
the machine learning models. Performance metrics
such as accuracy, precision, recall, and F1 score are
commonly used to evaluate the models' predictive
capabilities. It is important to address the issue of
overfitting, where a model performs well on the
training data but fails to generalize to new, unseen
data. Regularization techniques, such as L1 and L2
regularization, can be applied to mitigate overfitting.

Blood pressure  detection using ECG
(electrocardiogram) signals is an emerging field in
cardiovascular health monitoring. ECG signals capture
the electrical activity of the heart, and by analyzing the
characteristics of these signals, it is possible to
estimate blood pressure levels. Machine learning
techniques have been employed to leverage the
information contained in ECG signals for accurate and
non-invasive blood pressure detection. In this section,
we will explore the methodologies and challenges
associated with blood pressure detection using ECG
signals and machine learning.

Il.  LITERATURE SURVEY

X. Chen et al.,[1] presented a support vector machine
regression model and a random forest regression
model for precise blood pressure measurement, both of
which help to lessen the impact of individual
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differences on the model and thus improve the
accuracy of blood pressure prediction. first use a
photoelectric method to collect photoelectric
plethysmography (PPG) and electrocardiogram (ECG)
signals from people of varying ages, then use the high-
quality physiological signals and the vascular elastic
cavity model to make an approximation of the blood
pressure value; finally, use human body characteristics
as the input parameters of a blood pressure prediction
model and then use the model parameters to find the
best parameter combination to improve the accuracy of
the model's predictions.

J. Cano et al.[2] Circadian rhythms and the body's
reaction to external mental and physical stimuli both
play a role in the daily ups and downs of blood
pressure (BP). The purpose of this research is to
determine whether machine learning (ML) classifiers
can accurately identify hypertension pathophysiology
independent of BP data. The objective is to use
photoplethysmography (PPG) and electrocardiography
(ECG) to differentiate HTS patients from non-HTS
recordings and NTS subjects from non-NTS
recordings. From 51 participants, researchers analysed
803 recordings of PPG, ECG, and invasive BP taken
simultaneously. There were 668 BP segments that
were coherent, meaning that the BP was high in HTS
patients but normal in NTS individuals, and 135 BP
segments that were incoherent, meaning that the BP
was low in HTS patients but high in NTS participants.
Classification methods were used to sort incoherent
segments into groups and discriminant characteristics
were used to analyse the connection between PPG and
BP.

D. Chowdhury et al.,[3] Inadequate blood supply to
the heart muscles, known as myocardial ischemia
(MI), may lead to a heart attack that can be deadly to
the patient. A non-invasive diagnostic tool, an exercise
stress test electrocardiogram (ECG) may be used to
detect heart problems like MI. The purpose of this
research is to use Machine Learning (ML) techniques
to distinguish between ischemia and non-ischemic
EST ECGs. EST electrocardiograms were utilised to
analyse the hearts of 152 individuals (n=53 females)
with a mean age of 5011.92 years. 14 ML classifiers
were fed data based on changes in ST morphology
recorded pre-load, load, and recovery at J+(40, 60, and
80 ms).

P. Gomathi Shankari et al.,[4] When feel stressed, it's
because we're emotionally or mentally overburdened.
High blood pressure, chest discomfort, and headaches
are just some of the physical manifestations of the
mental and emotional strain that stress can put on a

person. In this research, offer a categorization method
for stress levels based on HRV frequency domain
characteristics. Welch's technique was used to analyse
the power spectral density of the ECG data. In
addition, the subject's stress levels were analysed using
a machine learning model based on the K-Nearest
Neighbours (KNN) classifier.

V. S. Arulmurugan et al.,[5] Increased blood pressure
is known medically as hypertension. The relationship
between hypertension and cardiovascular disease and
blood pressure is substantial. It is common practise to
take a patient's blood pressure with a cuff-shaped
sphygmomanometer. The photoplethysmogram (PPG)
and the electrocardiogram (ECG) are two more
examples of recently developed signal-based cuffless
technologies. Connecting many sensors raises the cost
and complexity of this approach. This research
presented a brand new machine learning-based
methodology for predicting systolic and diastolic
blood pressure. It uses the 70,000 blood pressure
values that are publicly available on the Kaggle
website. Different training, validation, and testing
percentages were calculated for each of the four used
machine learning methods (KNN, logistic regression,
decision trees, and random forest) to improve model
accuracy.

S. Chen et al.[6] Death from cardiac arrest is quite
common. Cardiopulmonary resuscitation (CPR) s
widely regarded as a successful therapy for cardiac
arrest, if it is performed properly. Improving the
quality of CPR in response to the patient's actual
physiological state is a major obstacle. Predicting
invasive coronary perfusion pressure (CPP) using
noninvasive physiological markers might be of
interest. The purpose of this research was to develop
an innovative method for predicting invasive CPP
using noninvasive electrocardiogram (ECG) and
photoplethysmography (PPG) data by using signal
processing and machine learning strategies.

S. Banerjee et al.,[7] With edge computing, data may
be analysed in close proximity to its point of creation.
This computing paradigm has opened up several
possibilities for various Al-based applications. For
example, medical data analysis is essential for smart
remote health monitoring. In this research, offer a
method for estimating blood pressure from
Electrocardiograph data using Machine Learning (ML)
methods that is amenable to execution on devices with
limited computing resources, such as wearables. The
suggested approach simply needs non-invasively
collected ECG data. The experimental findings
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demonstrate that the suggested approach outperforms
other comparable methods reported in the literature.

C.-T. Yen, et al.,[8] presented a sufficiently accurate
cuffless blood pressure (BP) estimate technique based
on photoplethysmography (PPG) and
electrocardiography (ECG) data. To create an accurate
deep learning model for predicting BP and HR,
combined a multi-scale convolution network with a
long short-term memory (LSTM) network. The
University of California, Irvine's Data Sets-UCI
Machine Learning Repository provided the 1551
patient PPG and ECG signal data used in this study.
Signals for electrocardiogram (ECG),
photoplethysmogram (PPG), and arterial blood
pressure (ABP) were taken from the PhysioNet
MIMIC Il dataset. Noise and artefacts were filtered out
of the raw signals at the processing stage. The
aforementioned dataset is organised hierarchically,
with each record including three signals: a 125-Hz
ECG signal from channel 1l (ECG lead II), a 125-Hz
PPG signal from the fingertip, and an intrusive 125-Hz
ABP signal. The dataset has 12,000 recordings.

I. Kuzmanov et al.,[9] There has been a lot of
excitement about the potential for a patch-like
biosensor to include cuffless blood pressure (BP)
monitoring. It is not necessary to provide electrical
current to a human body in order to capture
electrocardiogram (ECG) or photoplethysmogram
(PPG) waveforms. It appears reasonable to use both
signals for blood pressure categorization since they
both reveal unique characteristics of the cardiovascular
system. In large-scale emergencies like natural
disasters, when many people are wounded, it is crucial
to quickly assess their blood pressure as part of the
triage procedure in order to monitor their
hemostability.

T. Dave & coauthors[10] Controlling hypertension and
cardiovascular disease requires constant monitoring of
blood pressure (BP). It is cumbersome to do
continuous monitoring of blood pressure using a cuff-
based method. In this study, use ECG and PPG
readings to develop a method for continuously
estimating blood pressure. The approach suggested
herein utilises a wireless hardware device to capture
ECG and PPG data, from which time domain
characteristics are extracted. A lightweight model for
Blood Pressure estimation is developed using the
machine learning technique of Support Vector
Regression. Wireless signals from 87 participants were
acquired using a hardware device to test the planned
concept. The suggested approach estimates systolic
and diastolic blood pressure for wireless data to an A-

level according to the standards set by the British
Hypertension Society (BHS).

Durga, B. Siva Praveen, et al.,, [11] High blood
pressure is a risk factor for cardiovascular illnesses. It
is one of the early detection measures that helps in the
diagnosis and treatment of heart disorders.
Maintaining a healthy lifestyle and increasing one's
lifespan are both possible outcomes of constant blood
pressure monitoring. The PPG signal may also be
interpreted as a reflection of the heart's mechanical
activity. In this study, offer a whole-based technique
for non-invasively classifying blood pressure utilising
raw data from PPG signals. It is possible to analyse
and forecast blood pressure values using machine
learning techniques.

A. |. Hossain, et al., [12] The global prevalence of
sudden cardiac deaths is alarming, and heart disease
itself has become a leading cause of mortality.
However, there is cause for optimism since many
cardiovascular illnesses are preventable with the help
of early diagnosis and behavioural modifications. This
research uses five machine learning algorithms to
predict heart illness using a dataset of 1190 records
obtained from the UCI repository: the Support Vector
Machine, Logistic Regression, K-nearest Neighbour,
Naive Bayes, and Ensemble Voting Classifier.

IIl.  CHALLENGES

Here are some challenges associated with blood
pressure detection:

1. Signal Quality and Artifacts: ECG signals can
be affected by various noise sources, such as
muscle movements, electrode placement
issues, and power line interference. These
artifacts can distort the ECG waveform and
impact the accuracy of blood pressure
estimation. Robust signal preprocessing
techniques are necessary to remove or
minimize these artifacts and ensure high-
quality ECG data.

2. Individual Variability: Blood pressure can
vary significantly among individuals due to
factors such as age, gender, fitness level, and
underlying health conditions. Developing
machine learning models that can generalize
well across diverse populations with different
physiological characteristics is a challenge.
Large and diverse datasets are needed to
account for individual variability and ensure
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the model's performance across different
demographics.

Calibration and Standardization: Blood
pressure estimation from ECG signals requires
calibration  against  accurate  reference
measurements. Variability in measurement
devices, calibration methods, and protocols
can introduce inconsistencies and affect the
performance of machine learning models.
Standardization efforts are needed to establish
uniform guidelines and ensure consistency in
data collection and calibration procedures.

Interpretable  Models:  Machine learning
models, especially deep learning models, are
often considered "black-box" models, meaning
that they provide limited interpretability. In
clinical settings, interpretability is crucial for
building trust and understanding the reasoning
behind predictions. Developing models with
explainable features and interpretability
techniques specific to ECG signals can help
address this challenge.

Generalization to Real-World  Settings:
Machine learning models trained on controlled
datasets may not perform as well when applied
to real-world scenarios, such as ambulatory or
continuous blood pressure monitoring. Real-
world  conditions  introduce  additional
challenges, including variations in physical
activity, patient movement, and environmental
factors. Robust models that can handle such
real-world conditions are necessary for
practical implementation.

Validation and Clinical Adoption: To deploy
machine learning models for blood pressure
detection in clinical practice, extensive
validation studies are required. Validation
should involve testing the models on
independent datasets and comparing their
performance against established clinical
standards. Clinical acceptance and adoption of
machine learning-based blood pressure
detection systems also depend on addressing
regulatory and ethical considerations, ensuring
patient privacy and data security.

IVV. APPLICATIONS

Blood pressure detection using ECG signals and
machine learning techniques has several applications
in healthcare. Here are some notable applications:

1. Hypertension Diagnosis and Monitoring:

Accurate and timely diagnosis of hypertension
is crucial for effective management and
prevention of cardiovascular  diseases.
Machine learning models trained on ECG
signals can assist in the diagnosis of
hypertension by providing blood pressure
estimates.

Remote Patient Monitoring: ECG-based blood
pressure  detection allows for remote
monitoring of patients outside of clinical
settings. Wearable ECG devices equipped
with blood pressure estimation capabilities
enable real-time monitoring and provide
healthcare professionals with valuable insights
into a patient's cardiovascular health.

Personalized Treatment and Risk
Stratification: Machine learning models can
help personalize treatment plans for patients
with hypertension based on their unique ECG
signatures. By  considering individual
characteristics, such as ECG features and
blood pressure levels, machine learning
algorithms can assist healthcare professionals
in developing tailored treatment strategies.

Ambulatory Blood Pressure Monitoring:
Ambulatory  blood pressure  monitoring
involves the continuous measurement of blood
pressure over a 24-hour period. ECG-based
blood pressure detection can be integrated into
ambulatory monitoring devices to provide
more comprehensive and accurate blood
pressure profiles. This approach enables
healthcare professionals to assess blood
pressure  variability, identify  nocturnal
hypertension, and evaluate the effectiveness of
treatment interventions.

Telemedicine and Remote Consultations: With
the advancements in telemedicine, ECG-based
blood pressure detection can be integrated into
telehealth platforms, allowing patients to
remotely share their ECG data and blood
pressure estimates with healthcare providers.
This enables remote consultations, feedback,
and adjustment of treatment plans without the
need for in-person visits.

Cardiovascular Risk Assessment: ECG-based
blood pressure detection, combined with other
clinical parameters, can contribute to
comprehensive cardiovascular risk
assessment. Machine learning models can
analyze ECG features, blood pressure levels,
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and additional patient data to estimate an
individual's risk of developing cardiovascular
diseases, such as coronary artery disease, heart
failure, or stroke.

V. CONCLUSION

Machine learning techniques have the potential to
revolutionize  blood  pressure  detection and
management by providing accurate predictions,
continuous monitoring, and personalized interventions.
However, several challenges need to be addressed,
including standardization of datasets, interpretability
of models, and ethical considerations. With
advancements in technology and  collaborative
research, machine learning can play a pivotal role in
improving healthcare outcomes related to blood
pressure control and prevention of associated
complications. blood pressure detection using ECG
signals and machine learning techniques offers
valuable applications in hypertension diagnosis,
remote monitoring, personalized treatment planning,
ambulatory monitoring, telemedicine, and
cardiovascular risk assessment. These applications
have the potential to improve patient outcomes,
enhance access to healthcare services, and aid in the
early detection and management of hypertension and
related cardiovascular conditions. In future, implement
machine learning based techniques to prediction of
blood pressure so that the heart disease can be also
predicted and prevent earlier.
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