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Abstract- Dynamic monitoring and early intervention of
cardiovascular diseases had been a challenge for
healthcare professionals and patients to proactively
manage cardiovascular health. Unlike traditional
reactive approaches, the study proposes a digital tool
(app or website) designed to aid cardiologists and heart
surgeons in planning personalized wellness programs
and preventive cardiac care for patients, ultimately
improving their cardiovascular health and quality of life
unlike traditional reactive approaches. It aimed at
transforming cardiovascular  health management
through the integration of machine learning (ML) and
wearable technology. The application will consider
various health parameters, including age, working
hours, BMI, step count, and sleep patterns, to generate
personalized wellness plans. Additionally, smartwatch
data integration will enable the app to monitor patients
for potential red flags, allowing for early intervention
and potentially reducing cardiovascular events. The
novelty of the approach lies in its seamless integration of
ML-based predictive modelling, particularly utilizing a
Support Vector Machine algorithm, to optimize cardiac
surgery planning based on individual health metrics.
Combination of advanced data analysis, machine
learning techniques, and real-time monitoring helps to
empower both healthcare professionals and patients in
managing cardiac health proactively. Furthermore, the
supervised learning can improve patient outcomes by
streamlining cardiac surgery planning based on patient
health parameters.

Keywords-  Cardiovascular  health management,
Machine learning, Wearable technology, Personalized
wellness programs, Support Vector Machine algorithm.

1. INTRODUCTION

Cardiovascular disease (CVD) remains a significant
global health challenge, emphasizing the need for
innovative approaches to proactive management and
prevention. In response, this paper presents a
pioneering digital tool designed to transform
cardiovascular health management by seamlessly
integrating machine learning (ML) and wearable
technology. Departing from conventional reactive
methods, our approach prioritizes personalized
wellness programs and pre-emptive cardiac care. By
harnessing the power of healthcare informatics and
wearable devices, our application analyses an array
of health parameters, ranging from demographic
information to lifestyle factors and physiological
data. The culmination of these analyses produces
bespoke wellness plans tailored to each individual.
Crucially, our tool is equipped with smartwatch
integration,  enabling  continuous  real-time
monitoring to detect early warning signs and
facilitate timely interventions. Furthermore, we
introduce a novel ML-based prediction model
utilizing a Support Vector Machine algorithm,
which streamlines cardiac surgery planning based on
nuanced health metrics. By amalgamating cutting-
edge data analysis, machine learning techniques, and

dynamic monitoring capabilities, our approach
empowers both healthcare professionals and patients
to proactively manage cardiovascular health,
thereby ushering in a new era of preventive cardiac
care. The proposed app will integrate various health
parameters, including demographics, lifestyle
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factors (working hours), and physiological data
(Body Mass Index (BMI), steps, sleep patterns)
obtained from traditional medical records and
wearable devices. Additionally, integration with
smartwatches will enable continuous patient
monitoring, allowing for early detection of potential
red flags such as abnormal heart rhythms and
facilitating timely intervention.

2. LITERATURE REVIEW

[1] Koen De Decker-MD and Philippe G Jorens has
given a systematic review that focuses on cardiac
complications  following  thoracic  surgery,
specifically addressing atrial fibrillation as the most
common cardiac side effect. It also discusses other
complications like myocardial ischemia, pulmonary
edema, embolism, and shunt, taking an evidence-
based approach and pulmonary complications in
noncardiac thoracic surgery reviews.

[2] Graeme L. Hickey and Joel Dunning in their
study mentioned that while specific guidelines
tailored explicitly for the European Journal of
Cardio-Thoracic ~ Surgery (EJCTS) and the
Interactive Cardiovascular and Thoracic Surgery
(ICVTS) might not be readily available, existing
literature provides valuable insights into best
practices for statistical and data reporting in
cardiothoracic research. Integrating these insights
can enhance the quality and reproducibility of
research submitted to EJCTS and ICVTS.

[3] Wolfgang Lante and Volker Fackeldey in their
study investigates immune reactions following
cardiac surgery with extracorporeal circulation
(ECC), off-pump coronary artery bypass surgery
(OP CAB) without ECC, and thoracic surgery (TS),
hypothesizing that ECC might be less significant
than reperfusion injury and surgical trauma. This
underscores the complexity of immune responses in
cardiac surgery, with implications for patient
management and understanding of post-operative
complications.

[4] Ara Asadur Vaporciyan and Stephen C. Yang
have mentioned the evolution of cardiothoracic
surgical education has been marked by significant
transformations in  response to changing
demographics, priorities, and external pressures. It
outlines the multifaceted nature of these challenges
and highlights ongoing initiatives aimed at
addressing them within the profession.

[S] Melanie Subramanian and Benjamin D.
Kozower gave the incorporation of patient-reported

outcomes (PROs) into cardiothoracic clinical
research remains limited despite their significance in
capturing outcomes that are meaningful to patients,
particularly regarding quality-of-life measures. It
highlighted the need for increased attention to PROs
to enhance patient-centered care and clinical
research in cardiothoracic surgery.

[6] Rumana Z Omar and Gareth Ambler review in
their study gave the methodology employed in short-
term mortality risk models reveals several
shortcomings. It highlights the need for
improvement in methodology and reporting
practices to enhance the reliability and utility of risk
models in cardiac surgery research and practice.

[7] Philippe Kolh in his study approached variability
in patient risk profiles and surgical approaches
across regions necessitates a shift from crude
procedural mortality assessments to risk-adjusted
measures for evaluating healthcare quality.
Nonetheless, integrating risk stratification models
into clinical practice is vital for informed decision-
making and consent.

[8] Sakata and Ryuzo in their study aimed to
evaluate outcomes for patients aged 80 or older
undergoing cardiac surgery, addressing gaps in
understanding regarding preoperative risk factors
and outcomes in this age group. However, those
without significant comorbidity had mortality rates
approaching those of younger patients, suggesting
that risks for octogenarians may be lower than
previously reported, particularly in selected
subgroups.

[9] The study by Alexander et al. (2000) aimed to
evaluate the characteristics and outcomes of patients
aged 80 years and older undergoing cardiac surgery.
The study found that octogenarians had fewer
comorbid illnesses but higher disease severity and
surgical urgency compared to younger patients. The
study's findings underscored the importance of risk
assessment and patient selection in determining
outcomes for elderly patients undergoing cardiac
surgery.
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3. SYSTEM ARCHITECTURE
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Fig.1: Architecture of the ML model
4. METHODOLOGY

4.1. DATA COLLECTION

4.1.1. Cardiac Surgery Causes:

In-depth collection of data on specific risk factors
such as severity of coronary artery disease
(including the percentage of blockage), presence of
heart failure (including ejection fraction), details of
valve dysfunction (e.g., degree of regurgitation or
stenosis), and specifics of prior cardiac interventions
(e.g., coronary artery bypass grafting, valve
replacement). Consideration of genetic factors that
might influence surgical outcomes, such as genetic
predispositions to cardiovascular diseases or
response to medications.

4.1.2. Health Metrics:

Expansion beyond basic vital signs to include
advanced hemodynamic parameters, such as cardiac
output, stroke volume, and systemic vascular
resistance, if feasible. Incorporation of physiological

signals from continuous monitoring devices,
including respiratory rate, oxygen saturation
variations, and trends in blood pressure, to provide a
more comprehensive picture of a patient's
physiological status. Integration of laboratory
results, such as complete blood counts,
inflammatory markers (e.g., C-reactive protein), and
cardiac biomarkers (e.g., troponin levels), for early
detection of post-operative complications or
myocardial injury.

4.1.3. Patient Records:

Inclusion of detailed social determinants of health,
such as socioeconomic status, educational
background, smoking history, and access to
healthcare services, to better understand the patient's
overall health status and potential barriers to
recovery. Incorporation of  pre-operative
psychological assessments to evaluate a patient's
mental health, coping mechanisms, and readiness for
surgery, as psychological factors can significantly
impact surgical outcomes and recovery.

Confusion Matrix
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Fig.2: Confusion Matrix of the Metrics

4.2. DATA PREPROCESSING
4.2.1. Data Analysis:

Implementation of robust data cleaning techniques
to handle missing values, outliers, and
inconsistencies in the collected data, ensuring data
quality and reliability for subsequent analysis.
Utilization of advanced statistical methods, such as
correlation analysis and regression modelling, to
identify relationships between collected variables
and potential patient outcomes, allowing for the
identification of key predictors and risk factors.
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4.3. MACHINE LEARNING MODEL

4.3.1 Data Integration:

Exploration of advanced data fusion techniques,
including feature extraction and dimensionality
reduction, to integrate data from various sources
(e.g., electronic health records, continuous
monitoring devices, patient-reported outcomes) into
a unified dataset suitable for machine learning
analysis.

Adoption of interoperable data standards and
protocols to facilitate seamless data exchange and
interoperability between different healthcare
systems and devices.

Correlation Matrix

Lo
o on on on (S5 [ a0 o [ 0z 0w
= o8

008 (020 005 006 004 014 010 003 012 02

s om o oo o [N 01 [GHRNG oo

018 011 005 007 019 (012 010 006 Ol4 0
N 001 015 001 007 005 000 007 010 009

04

eang 020 034 m 007

ddpeak - 021 010 018 019

warget ETH 043 024 009 003 014 042 035

age sex @ bestbps chol s restecgthalach exang oldpeak sope ca  thal target

Fig.3: Correlation Matrix of the dataset

4.3.2. ML Model Selection:

Consideration of various machine learning
algorithms, including supervised learning (e.g.,
logistic regression, random forest, support vector
machines) and unsupervised learning (e.g.,
clustering, anomaly detection), based on the specific
research objectives and characteristics of the dataset.
Evaluation of model performance using appropriate
metrics such as accuracy, sensitivity, specificity, and
area under the receiver operating characteristic
curve (AUC-ROC), through cross-validation and
validation on independent datasets.

4.4. DEPLOYMENT
4.4.1. GUI Design:

Development of a user-friendly graphical user
interface (GUI) for healthcare providers, allowing
for easy visualization of patient data, interpretation
of model predictions, and interaction with the
system. Inclusion of features for secure
communication with patients, enabling remote

monitoring, patient education, and feedback
collection. Integration of decision support tools and
clinical guidelines to assist healthcare providers in
making informed decisions based on the analysis of
patient data and model predictions.

4.4.2. Integration with Wearable
Technology:

Seamless integration of wearable devices, such as
smartwatches and continuous monitoring sensors,
into the monitoring system to enable real-time
collection of health data from patients in both
clinical and home settings. Implementation of data
encryption, authentication, and access control
mechanisms to ensure the security and privacy of
patient data transmitted from wearable devices to the
monitoring system.

5. RESULTS

5.1. Personalized Wellness Plan:

Utilization of the machine learning model to
generate personalized wellness plans for each
patient based on their individual risk factors,
medical history, and surgical outcomes. Integration
of  evidence-based interventions, including
medication adjustments, lifestyle modifications, and
referral to specialized cardiac rehabilitation
programs, tailored to the specific needs and
preferences of each patient.

5.2. Real-time Monitoring & Alerts:

Implementation of real-time monitoring capabilities
to continuously track a patient's health metrics and
detect deviations from baseline values or expected
patterns. Development of algorithms for real-time
anomaly detection and risk stratification, allowing
for the early identification of potential complications
or adverse events. Generation of automated alerts
and notifications for healthcare providers in
response to critical changes in a patient's condition,
enabling timely intervention and proactive
management of patient care.
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Fig.4: Data Variance of several Health conditions
through Histograms

5.3. Clinical Decision Support:

Integration of clinical decision support tools within
the monitoring system to assist healthcare providers
in interpreting patient data, making informed
decisions, and optimizing patient outcomes.
Provision of evidence-based guidelines, best
practices, and treatment recommendations based on
the latest scientific evidence and expert consensus,
tailored to the specific clinical context and
individual patient characteristics.

{ from sklearn.metrics import accuracy_score
score_svm = round(accuracy_score(Y_pred_svm,Y_test)*100,2)
print("The accuracy score achieved using Linear SVM is: "+str(score_svm)+" %")

The accuracy score achieved using Linear SvM is: 81.97 %

Fig.5: Accuracy obtained on training the dataset

6. ETHICAL CONSIDERSTIONS

6.1 Data Privacy & Security:

Adoption of stringent data privacy and security
measures to protect patient confidentiality, prevent
unauthorized access, and ensure compliance with
relevant privacy regulations (e.g., HIPAA, GDPR).
Implementation of data anonymization techniques to
de-identify patient data and minimize the risk of re-
identification or data breaches.

6.2 Informed Consent & Patient
Autonomy:

Provision of clear and transparent information to
patients regarding the purpose, risks, and benefits of
participating in the monitoring system, allowing
them to make informed decisions about their
healthcare and data sharing preferences. Respect for
patient autonomy and individual preferences
regarding the use of wearable devices, data sharing,

and participation in research activities, ensuring that
patients have control over their own health
information.

7. LIMITATIONS AND CHALLENGES

The proposed digital tool for personalized cardiac
wellness and surgery planning faces several
limitations:

e Data Availability and Quality:

Obtaining large, diverse, and high-quality datasets is
crucial for training an accurate ML model. Patient
privacy regulations (e.g., HIPAA) and ethical
considerations regarding data anonymization must
be carefully addressed. Data bias can lead to
inaccurate predictions if the training data doesn't
represent the target population well. Mitigating bias
through careful data selection and cleansing
techniques is essential.

Algorithm Complexity and Explainability:

Striking a balance between model complexity (for
high accuracy) and explainability (for gaining trust)
can be challenging. "Black box" models, while
potentially accurate, may not provide insights into
how they arrive at predictions.

e Smartwatch Dependency and User
Adoption:

The app's effectiveness relies on consistent
smartwatch usage by patients. Factors like cost,
comfort, and personal preference may limit
adoption. Integrating with multiple smartwatch
brands and ensuring compatibility can be complex.
Exploring alternative data collection methods (e.g.,
fitness trackers, phone apps) might be necessary.

e Integration with Existing Systems:

The app's integration with existing hospital
information systems can be hindered by
compatibility issues and potential resistance to
change within healthcare institutions.
Standardization of data formats across different
hospital systems is crucial for seamless information
flow.

¢  Cost and Accessibility:

Development and maintenance costs could pose a
barrier for some healthcare institutions, limiting
accessibility, especially in resource-limited settings.
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Exploring cost-effective implementation strategies,
such as open-source solutions or cloud-based
platforms, can be beneficial.

e Real-Time  Monitoring and  User
Engagement:

Encouraging patients to consistently use the app and
engage with their real-time data for long-term health
management can be challenging. Strategies for
promoting user engagement, such as educational
resources, personalized feedback mechanisms, and
gamification elements, need to be explored.

e  Validation and Ongoing Development:

Continuously validating the ML model's accuracy
and effectiveness with real-world data is crucial. The
project needs a plan for ongoing development and
adaptation to incorporate new technologies, address
emerging challenges, and ensure long-term
sustainability.

8. CONCLUSION

This study presents a pioneering digital tool poised
to redefine the landscape of cardiovascular health
management. By seamlessly integrating machine
learning (ML) and wearable technology, we have
crafted a solution that transcends traditional reactive
approaches, offering personalized  wellness
programs and proactive cardiac care. Through the
amalgamation of healthcare informatics and
wearable devices, our application analyses a diverse
array of health parameters to generate tailored
wellness plans uniquely suited to each individual.
The incorporation of smartwatch integration enables
continuous real-time monitoring, facilitating early
detection of potential complications and timely
interventions. Additionally, our innovative ML-
based prediction model, leveraging a Support Vector
Machine algorithm, optimizes cardiac surgery
planning by considering individual health metrics.
By harnessing cutting-edge data analysis, machine
learning techniques, and dynamic monitoring
capabilities, our approach empowers both healthcare
professionals and patients to proactively manage
cardiovascular health. While challenges and
limitations exist, including data availability and user
adoption, our commitment to responsible data
practices and ongoing validation ensures the long-
term success and efficacy of our digital tool.
Ultimately, our solution holds the potential to
significantly reduce the burden of cardiovascular
disease, improve patient outcomes, and empower
individuals to take control of their cardiac health for
a healthier future.
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