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ABSTRACT

Heart failure is a major global health problem that affects over 64 million people and has
significant economic costs. Early diagnosis and effective treatment are crucial, but traditional
methods can be limited by the complexity and variability of symptoms. New approaches are
needed to improve diagnosis and treatment, such as innovative biomarkers, advanced imaging,
and personalized therapy. This study explores the application of artificial intelligence (Al) in
heart failure diagnosis. The integration of Al in heart failure care holds transformative potential
by enhancing diagnostic accuracy, predicting disease progression, and personalizing treatment
plans through sophisticated algorithms and machine learning models. Technologies such

as automated image analysis, natural language processing, and wearable devices enable
continuous monitoring and timely interventions, improving patient outcomes and reducing
hospital readmissions. Despite data privacy and algorithm transparency challenges, Al’s ability to
process vast datasets and provide real-time insights represents a significant leap forward in heart
failure management. This review emphasizes Al’s promising applications and future directions in
reshaping heart failure care.
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INTRODUCTION

Background of heart failure diagnosis and management

Heart failure is a complex disease that places a heavy burden on the healthcare system
globally. It is one of the leading causes of hospitalization worldwide. As of 2017, an
estimated 64.3 million people were affected by this condition®, and this number is
expected to increase. Because of this, heart failure has been classified as a pandemic,
imposing significant challenges on patients, their families, and healthcare services. The
American Heart Association estimates that the cost of heart failure will increase from
$20.9 billion in 2012 to $53.1 billion in 20302.

Importance of early detection and effective management

For HF, especially in the case of acute heart failure exacerbation, time is critical, as
multiple studies have demonstrated increasing morbidity and mortality with late
diagnosis, leading to delayed treatment34. However, establishing a diagnosis of heart
failure is challenging. Heart failure is primarily a clinical diagnosis®, but the presentation
of symptoms can be unspecific. For example, acute heart failure exacerbation patients
may experience vague symptoms of dyspnea®. In elderly populations, diagnosis is further
complicated by comorbidities and atypical symptoms’. With the new age of artificial
intelligence (Al) and the integration of Al in healthcare, it is possible to use Al to help in
the diagnostic process for heart failure.

Overview of artificial intelligence in healthcare

Artificial intelligence represents a form of human-like intelligence exhibited by machines.
Since its development in the 195058, Al has expanded into many fields, including
healthcare. The application of Al in healthcare has been well researched and
documented, especially in fields such as oncology and neurology. In 2019, Rodriguez-
Ruiz et al. reported that an Al system could detect breast cancer on mammograms with
an accuracy comparable to that of the average radiologist®. Research by *° revealed that
Al could identify people with Parkinson’s disease by analyzing their nocturnal breathing.
Al was also used to assess disease progression and severity™©.

The aim of this review is to provide a comprehensive exposition and evaluation of
the current clinical applications, case studies, and future directions of Al-assisted heart
failure management. It serves to compare Al-aided management with traditional
methods, discuss the limitations, challenges and clinical prospects that belie Al-
assisted treatment, elaborate the ethical implications and potential biases inherent in Al
algorithms used for heart failure management and highlight the dearth of longitudinal
studies that monitor the long-term impact of Al interventions on patient health and
quality of life.

METHODOLOGY

Search strategy

We systematically searched the PubMed database for all articles published from January
2016 until May 2024. MeSH terms such as ‘artificial intelligence,” ‘ai artificial intelligence,’
‘machine learning,” and ‘deep learning’ were combined via the Boolean operator OR.
Finally, the MeSH term ‘heart failure’ was added to the search string using ‘AND’ to ensure
the inclusion of articles employing Al technologies in patients with heart failure. Our
search yielded 596 results, 71 of which were included in our study. Details of our search
are given in Table 1.
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Table 1 Search details and string used in the review.

Database PubMed
Search Date ogth May, 2024
Search string (("artificial intelligence”[MeSH Terms] OR “machine

learning”[MeSH Terms] OR “deep learning”[MeSH Terms))
AND "heart failure”[MeSH Terms]) AND (2016:2024[pdat])

Total results 596
Included articles 71
Study selection

Predetermined inclusion and exclusion criteria were established before the review.
Studies were considered eligible if they:

1. included original articles, including but not limited to original studies, cohort studies,
case-control studies, cross-sectional studies, and randomized controlled trials.
Included studies were critically analysed for methodological quality as obtainable
for systematic reviews, meta-analyses and original studies;

2. included application of any Al model in prognostics, diagnostics, or treatment
strategies for HF;

3. were written in the English language.

The exclusion criteria were gray literature, conference abstracts, editorials, commen-
taries, letters, and non-English articles.

ARTIFICIAL INTELLIGENCE IN HEART FAILURE DIAGNOSIS

Al-based risk prediction models for heart failure

Artificial intelligence can be commonly used to help develop standardized predictive
models that could help cardiologists improve patient-specific decision-making. Some
of the widely used risk prediction models include:

Seattle heart failure model

This is the most commonly used risk prediction tool, developed via machine learning
techniques to estimate the survival of patients with heart failure at 1 year, 2 years, and
3 years and the effects of adding medications or devices to the patient’s regimen®*. The
score reveals that NYHA class, ischemic etiology, diuretic dosage, ejection fraction (EF),
systolic blood pressure (SBP), sodium levels, hemoglobin, percentage of lymphocytes,
uric acid, and cholesterol all exhibited independent predictive capability. It facilitates
prognosis estimation, increases the use of medications, and enhances compliance™.
The SHFM effectively forecasts mortality risk in younger patients following hospitalization
due to acute heart failure. However, patients aged 65 and older demonstrated a higher
adjusted mortality risk for up to 18 months after discharge in comparison to those with
ambulatory heart failure, reflecting the well-known post-hospital syndrome™.

Meta-Analysis Global Group in Chronic Heart Failure (MAGGIC) heart failure risk
score

This model is not an Al-based model per se, but its score is used for risk stratification for
both morbidity and mortality in heart failure patients with a preserved ejection fraction.
It is clinically attractive because it includes routinely collected variables, is easy to use,
and is effective at predicting 1-year and 3-year mortality in patients with heart failure*2.
A validation study noted that the addition of BNP or NT-proBNPto the MAGGIC risk score
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was beneficial in predicting more deaths in hospitalized patients with HF[13]. Another
model, the European Society of Cardiology Heart Failure Long-Term Registry (ESC-HF-LT)
risk score, works on similar principles®.

The Get with the Guidelines Heart Failure (GWTG-HF) risk score

The American Heart Association developed it to predict patient mortality in patients with
acute heart failure. It provides prognostic prediction in the acute phase of hospitalization
and during the chronic phase post-discharge'. While prognostic variables overlap in
cardiac patients, regardless of the admission diagnosis, it also has proven to be of
tangible reliability in prognosticating outcomes in patients with tricuspid regurgitation
—and those who have undergone trans-catheter tricuspid valve repairt4.

Acute Decompensated Heart Failure National Registry (ADHERE)

This Al-based risk prediction model, which happens to arguably be the world’s largest
repository of acute heart failure datasets, was designed to bridge differences between
knowledge and care by prospectively studying the characteristics, management, and
outcomes of hospitalized patients with acute decompensated heart failure®. This study
was intended to provide hospital teams with effective devices to improve the quality of
care for these patients. Various parameters of these models are compared in Table 2.

Automated image analysis for cardiac imaging
Several modalities have been developed and designed to assess cardiac structure and
function. Some of these include:

Echocardiography

The most common, universally used technigue to assess cardiac structure and identify
those at greater risk of developing heart failure with previously diagnosed hypertension®
or slightly increased levels of natriuretic peptide (BNP: >50 pg/ml) (class lla to b
recommendation)?. Machine learning models such as recurrent neural networks

(RNNs), mainly long short-term memory (LSTM) networks, can be used to detect a future
diagnosis of heart failure in patients by evaluating sequences of echocardiogram frames
with time to track function and structural changes in the heart'®.

Automatic coronary artery calcium scoring

Coronary artery calcium is a direct marker of coronary atherosclerosis and an
independent predictor of cardiovascular events and mortality. It can be evaluated via
non-contrast CT*. The use of deep learning helps fully automate the tasks, leading to
improved accuracy and efficiency.

Coronary computed tomography angiography (CCTA)

First line of diagnosis used to assess the severity of stenosis in patients with stable
chest pain. Deep learning-based applications such as Hierarchical ConvLSTM have
been developed and externally validated in a multicenter study of 1,611 patients (6,210
lesions) to accurately estimate the stenosis rate and reduce the inter-reader variability
and interpretative error?°.

Fractional flow reserve CT

Invasive fractional flow reserve (FFR) is used to assess coronary hemodynamics. Artificial
intelligence in FFR-CT can replace tedious and time-consuming complex computer fluid
dynamics (CFD) computations and reduce the time to analyze them?'.
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Table 2 Variables used in SHFM, MAGGIC, and GWTF-HF.

MODELS
Variable SHFM MAGGIC GWTF-HF

Age v v v
Male Sex v v

Race v
Body Mass Index
Systolic Blood Pressure
Heart Rate v
Hemoglobin

ANIEN
NN
\

Total Cholesterol
Lymphocytes

NN

Sodium
Serum Creatinine v v
BUN v
Uric Acid v
Diabetes Mellitus

COPD

Ischemia (cause) v

ANIEN
(\

Current Smoker

NYHA Class

Heart Failure duration <18 months
ACE inhibitor/ARB use
Beta Blocker use

Statin Use

Aldosterone Blocker use
Loop Diuretic Use
Allopurinol Use

Ejection Fraction

Device Therapy

QRS duration

\
NN

NN NS YR NENENENEN

Notes.
Abbreviations: SHFM, Seattle Heart Failure Model; MAGGIC, Meta-Analysis Global Group in Chronic (MAGGIC); GWTF-HF,
The Get with The Guidelines-Heart Failure.

Cardiac magnetic resonance imaging for cardiac function

Al-based cardiac MR can perform rapid and automatic heart chamber segmentation and
analyze heart function, thus providing fully automated, quality-controlled CMR analysis
without supervision22.

Natural language processing for extracting insights from clinical notes

NLP methods are powerful tools in healthcare systems and can potentially transform
clinical decision support systems (CDSSs). They were developed to automatically alter
clinical text into structured clinical data, which can then potentially guide healthcare
providers in making clinical decisions, thus preventing or delaying disease onset. The
goal of this method is to produce focused results that are specific to the problem?3.
Clinical natural language processing methods can be evaluated based on intrinsic
criteria, that is, by directly measuring their performance in achieving their immediate
objective, or on extrinsic criteria, where NLP then becomes a part of a more complicated
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process and its functionality in attaining the goal is checked?4. It can facilitate data
integration from clinical notes and other healthcare data resources, such as electronic
healthcare records (HERs), laboratory tests, and radiology reports, and provide real-time
support to healthcare providers in clinical decision-making, improving patient outcomes.

Wearable devices and remote monitoring with Al integration

Wearable device technology allows healthcare providers to monitor disease dynamics
remotely while simultaneously allowing them to intervene in a timely and efficient
manner, potentially preventing hospitalizations secondary to adverse cardiac events and
hemodynamic decompensation®>2°.

The commonly used wearables in heart failure patients include pedometers and
actigraphy devices, which collect data by analyzing patterns of physical activity.
Healthcare providers and patients can then use this to modify lifestyle and therapy
appropriately®/-28,

Similarly, among device-based monitoring systems, the only FDA-approved remote
monitoring system for patients with heart failure is the cardio-microelectromechanical
system (CardioMEMS system; Abbott, Sylmar, USA). These implantable devices
enable the monitoring of pulmonary arterial pressure through a sensory implant in the
pulmonary artery?3°. It is mainly used in symptomatic patients with heart failure who
have a history of hospitalization due to heart failure to reduce the risk of recurrent
hospitalizations.

Other wearable devices assimilated with artificial intelligence include wearable
seismocardiogram patches. These patches help proactively evaluate and manage heart
failure patients3'. They help identify heart failure patients’ conditions and treat them
before they need hospitalization. Additionally, implantable devices such as implantable
cardiac defibrillators, pacemakers, and cardiac pressure sensors can also be utilized to
create algorithm-based risk prediction models that focus primarily on early diagnosis and
treatment selection3?.

ARTIFICIAL INTELLIGENCE IN HEART FAILURE MANAGEMENT

Al-based decision support systems for treatment planning

Heart failure (HF) is a multifaceted clinical syndrome and a disease that frequently results
in insufficient care for patients and ineffective clinical tests. Its management is being
changed by artificial intelligence (Al) through its ability to interpret and give significance
to vast sets of data more quickly and efficiently; this helps to understand patterns of
disease progression, classify its phenotypes, and observe outcomes with an enhanced
degree of personalization33.

With the help of tools such as ML, DL, and neural networks3# incorporated with
preexisting data, algorithms can be used to create models with the collaboration of
patients and clinicians that include information on symptoms and lifestyle behaviors,
blood test results, electrocardiogram recordings or ECGs, electronic health records,
and cardiac imaging. Some of these models and algorithms, such as MARKER-HF, are
discussed in a review by Blaziak et al. 3>. Moreover, Chen et al. devised an Al-based heart
failure treatment advisory system that may need more application and elaboration to
prove its efficacy3°.

Personalized medication recommendations via machine learning
The application of machine learning for the personalized treatment and alleviation of
heart failure can be delineated in four ways:
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i. Optimizing pharmacological therapy: This can be accomplished by assessing
the heterogeneity of the response to various heart failure medications. Ahmad et al.

37 reported that ML accurately predicted outcomes in a large dataset of HF patients,
distinguishing four distinct phenotypes with varying responses to various medicines.

ii. Patient selection for devices: Cardiac resynchronization therapy (CRT) does not work
for approximately one-third of patients with HF. An analysis revealed that ML algorithms
could sort a diverse group of HFs into four apparent phenotypes, which might increase
the response rate to CRT3®. Similarly, implantable cardioverter defibrillators (ICDs)
decrease the risk of sudden cardiac death in patients with HF. An ML-based
phenomapping study demonstrated that it can recognize separate phenotype
subgroups®?, facilitating the application of personalized ICD devices for these patients.

iii. Closing the care gap and Clinical Trial recruitment: Jing et al., in their study, discuss
the role of Al in predicting benefits in closing the care gap and how it could help set
parameters and categorize patients to encourage or discourage recruitment into clinical
trials4©.

iv. Patient-centered care and rehabilitation: The advent of telemedicine has facilitated
patient care#'. Al can further guide the development of focused interventions and
increase patient empowerment through shared decision-making and enhanced self-
disease management efficacy. Al can improve organizational care by reducing patient
waiting times and per capita costs while increasing accessibility, productivity, and overall
patient experience”?.

Predictive analytics for hospital readmission and disease progression

Shah et al., Gevaert et al., and Bose et al. 474> improved the existing classification
system of HF by clustering study participants via ML into phenotypes according to various
parameters, such as ECGs, biodata, etc., and outcomes. This helps researchers study

and better understand disease progression, predict disease outcomes, and predict
patient prognosis. Risk stratification is crucial for HF, and ML can be especially useful in
forecasting clinical results. Research by Golas et al. and Kwon et al. 4©47 demonstrated
that a DL-based algorithm performed better than traditional methods. It predicted the
number of readmissions within 30 days. It estimates other mortality parameters more
precisely than existing scores, such as the GWTG or MAGGIC score.

COMPARISON WITH TRADITIONAL HEART FAILURE MANAGEMENT

Comparison with manual risk assessment tools

Manual risk assessment tools have been used as the mainstay of heart failure
management4®. The approach uses regression models to predict the occurrence of
adverse events and establish the relationships between specific variables and the
disease course#?. These manual risk assessment tools have helped identify and
characterize the impact of demographic features, comorbidities, and biomarkers on

the pathogenesis and progression of heart failure>°. However, while they have been
valuable in assessing the risk associated with heart failure, these techniques have their
limitations, as they rely on a limited amount of data for analysis, and their application in
population-based studies involving a vast number of data variables is limited>°. On the
other hand, Al-driven models leverage advanced learning machine techniques to analyze
large datasets®™.

Comparison with conventional treatment protocols
An Al-driven model analyses vast amounts of population-based data obtained from other
people as well as real-time data, particularly from the patients themselves>2. Additionally,
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the system’s adaptability allows room for improvement and changes as the patient’s
condition either improves or worsens>3.

Comparative advantages of Al in real-time monitoring and decision-making
Traditional approaches to monitoring and decision-making in heart failure management
depend significantly on periodic clinical visits and manual assessment of patient data>°.
In contrast, however, most Al-driven solutions allow patients to use devices that act

as sensors, collect real-time data, and incorporate them into Al algorithms>4, allowing
clinicians to intervene before adverse events occur®.

CLINICAL APPLICATIONS AND CASE STUDIES

Al-assisted heart failure management in clinical settings

A study in 2019 revealed that a deep neural network model outperformed cardiologists in
diagnosing electrocardiogram (ECG) abnormalities, indicating that Al has the potential to
make accurate diagnoses®®.

Similarly, large language models can help patients generate individualized healthcare
recommendations that explain the patient’s disease, treatment options, risks, and
benefits>. Deep language models have been noted in real life clinical settings in
accurately prognosticating treatment outcomes using the MAGGIC score33,

Early diagnosis of heart failure can help prevent adverse outcomes. A study
revealed that Al has proven useful in classifying heart failure phenotypes?3, and has
interpreted chest X-rays to aid in the early diagnosis of HF, which may be challenging at
an early stage because of nonspecific symptoms, particularly HF with preserved ejection
fraction58.

Remote monitoring and telemedicine with Al integration

In Italy>?, connected care is gaining momentum in digital healthcare, putting patients
at the system’s center. The connected care operating model is an excellent example of
which all central and regional institutions converge. It enables the sharing of patient
information among all the staff involved in the treatment process. Electronic health
records are among the prime examples of digitizing and integrating technology into
healthcare®. A randomized clinical trial?® involving 716 patients with a mean age of 65
years and a mean ejection fraction of 26% was performed. The primary outcome measure
was a composite clinical score combining all-cause death, overnight hospital admission
for heart failure, NYHA class change, and patient global self-assessment. This study
suggests that telemonitoring is feasible and should be used in clinical practice.

Case studies demonstrating improved patient outcomes

In 2019, Hannun et al.’s study>® revealed that deep neural network models outperformed
cardiologists in diagnosing ECG abnormalities and arrhythmia. The results suggest that Al
and deep learning can improve ECG analysis efficiency and accuracy and support expert-
human interpretation, reducing the number of incorrect diagnoses and prioritizing urgent
cases.

A case study discussed a large neural network that uses ECG and echocardiogram
data from patients to detect ventricular dysfunction (ejection fraction [EF] < 35%) based
on ECG readings. Over a median follow-up period of 3.4 years, patients flagged by the
AI-ECG as having issues, but who had normal echocardiograms (false positives), were
four times more likely to develop left ventricular dysfunction compared to those who
were confirmed to have normal EF by both the AI-ECG and echocardiography (true
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negatives)®°. This indicates that the network can not only detect existing left ventricular
dysfunction but also identify abnormal ECGs before the condition develops.

In another study, researchers used Al and convolutional neural networks to analyze
wearable ECG monitors to predict atrial fibrillation. The Al-enabled ECG showed an
accuracy of 79.4%, indicating that it could identify at-risk individuals with atrial fibrillation
during normal sinus rhythms®?.

ADVANTAGES AND LIMITATIONS OF Al IN HEART FAILURE CARE

Improved diagnostic accuracy and early intervention

The vast majority of people with heart failure are diagnosed only following

emergency hospital admission, underscoring the challenge posed by this disease to
many clinicians®2. However, studies have shown that when used alone to diagnose heart
failure, Al-generated results have high concordance rates with the actual conditions of
the patients studied®3. When clinicians incorporated Al tools in the diagnosis of heart
failure, they observed nearly 100% accuracy®.

Potential for cost savings and resource optimization

Another compelling advantage of Al in heart failure care is its potential for cost savings
and resource optimization®. The use of Al in the diagnosis of this condition significantly
streamlines diagnostic processes, aiding the development of personalized treatment
plans®> and allowing healthcare providers to allocate resources more effectively®®. For
example, Al-driven support systems can assist clinicians in individualizing treatment
regimens for the patient in question, optimizing medication usage, and minimizing
unnecessary procedures.

Challenges in data privacy, bias, and algorithm interpretability

The use of Al has several drawbacks. Its novelty may explain some drawbacks of Al
use in heart failure care®. Because the training of Al algorithms requires that patients’
data be fed to the Al, issues regarding the safety and confidence of these data are a
significant challenge faced by the system®®. Additionally, biases arising from these
training data or the algorithm design itself may result in disparities in diagnosis,
treatment recommendations, or patient outcomes across demographic groups®®.
Furthermore, because many Al models operate in what may be described as a “black
box,” clinicians may find it challenging to understand the rationale behind their
recommendations, thus affecting their interpretability®®.

FUTURE DIRECTIONS AND RESEARCH OPPORTUNITIES

Advancements in Al technology for heart failure care

ML and DL technologies are the heart of Al and are being developed on a massive scale
for further implementation in healthcare. Particularly for heart failure, these technologies
have already been used to aid in the diagnosis and management of HF, as delineated in
the review thus far, and newer studies and models are still being developed:

i. A novel machine learning algorithm combining photoplethysmography and ECG is
being developed to detect and diagnose heart failure. The model showed a precision of
97.2%, thus demonstrating the system’s high performance®.

ii. Another model developed by Dhingra L et al. used ECG data to predict risk in
patients with heart failure and achieved excellent results>®. Al can also harness electrical
signals generated from ECGs and bioimpedance to monitor patients in a decompensated
state’®.
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iii. Decision engines have also been built to provide doctors with recommendations
for treatment courses for patients with HF. All the recommendations provided by the
system were in line with internationally accepted guidelines and matched with doctors’
recommendations in approximately 94% of the cases>?.

Integration of Al with electronic health records and wearable devices

An Al model fitted to wearable devices could help detect left ventricular systolic
dysfunction’®. Another device tested in a UK cohort of patients predicted hospitalization
and death in patients with heart failure>®. Furthermore, a wearable Al device was

able to detect hospitalization, with a sensitivity of nearly 80% and specificity of 85%.
Patients were readmitted within a week of the alert given by the device, showing the
device’s accuracy and early detection rate®®. This device also offers a scope for remote
monitoring, allowing active response and guidance during emergencies. More research
and investment of resources into such devices would facilitate a smoother transition into
telemedicine and a healthcare structure better corroborated with Al

Promising areas for further investigation in Al-driven heart failure management
Hybrid deep learning systems are a novel field of technology that combines multiple
deep learning models®®. These devices can help preprocess data before it fits into deep
learning algorithms for efficient and better prediction results. Devices are also being
actively developed, and further development must be undertaken to improve their
specificity and sensitivity.

Cost-effectiveness of Al in healthcare settings

A systematic analysis revealed that current impact assessments of Al technology in
healthcare have significant methodological shortcomings. These deficiencies suggest
that the evaluations conducted thus far may not provide a complete or accurate picture
of the economic implications of using Al in medical settings”2. To make informed
economic decisions about whether to adopt or reject Al technologies in healthcare,
future evaluations must incorporate more thorough and detailed economic analyses.
This means going beyond basic assessments to include a wider range of factors, such
as costs, benefits, long-term impacts, and potential risks. By doing so, stakeholders
will be better equipped to understand the financial and operational consequences

of implementing Al technologies in healthcare, ultimately leading to more informed
decision-making.

LIMITATIONS OF STUDY

Methodological selectivity

The studies reviewed may vary widely in terms of design, sample size, and
methodological rigor. Although 71 articles were included, the selection criteria may
introduce biases. For instance, studies with smaller sample sizes or less robust
methodologies could skew the effectiveness of Al applications reported in this review.
The reliance on published literature may also lead to publication bias, where positive
results are favored in the literature, potentially overlooking negative or inconclusive
findings.

Resource constraint for a more elaborate analysis of existing variables

The quality of the data used in Al training and evaluation is paramount. Many studies
may base their models on homogeneous populations or datasets that lack diversity
regarding demographics such as age, ethnicity, and comorbidities. Consequently, the
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applicability of Al findings across varied patient populations in real-world clinical settings
remains uncertain. Limited diversity can lead to algorithmic biases, where Al models may
not perform equally well across different demographic groups, potentially exacerbating
health disparities. The transition from traditional heart failure management to Al-assisted
approaches poses significant integration challenges within the existing healthcare
infrastructure. Many institutions may lack the necessary resources, technological support,
or training to implement Al-based tools effectively. Additionally, the integration of Al
systems with electronic health records and existing clinical workflows is often complex,
potentially limiting the practical utility of these technologies in routine clinical practice.

Ethico-legal considerations

The review highlights ethical implications surrounding the use of Al in healthcare, yet it
may not delve deeply into the full breadth of ethical, legal, and regulatory challenges.
Issues such as patient consent for data usage, ownership of Al-derived insights, and
liability in the event of Al misdiagnosis or mismanagement remain largely unaddressed.
These challenges can hinder the acceptance and adoption of Al technologies among
healthcare providers and patients alike.

Limited longitudinal studies

As noted in the overview, there is a marked deficiency of longitudinal studies that
monitor the long-term impact of Al interventions on patient health and quality of

life. Most current evaluations appear to focus on short-term outcomes, potentially
overlooking long-term effects, deterioration of health, or the sustainability of Al-based
treatment strategies. By not examining these long-term outcomes, the review does not
provide a complete understanding of the effectiveness and safety of Al applications in HF
management.

Limited focus on economic evaluation

While our paper touches upon the economic implications of Al integration, it lacks

a thorough economic analysis that encompasses overall cost-effectiveness within
various healthcare settings. Future evaluations and studies need to incorporate detailed
economic assessments of Al technologies, taking into account both direct costs (such as
implementation and maintenance) and indirect costs (like long-term patient outcomes
and resource allocation).

CONCLUSION

The applications of artificial intelligence in heart failure initial workups are expanding
rapidly. It can potentially aid in the early diagnosis of heart failure and the classification
of phenotypes. It also has the potential to help clinicians with ongoing management,
including medication titration, device therapy, optimized management, clinical trial
enrollment, and prognosis estimation.

As highlighted in our review, implementing Al in future healthcare models has several
advantages. It improves the timely diagnosis of heart failure, significantly improving
patient prognosis and survival rates. The use of Al also has the potential to tailor
management plans according to the patient’s clinical picture.

However, challenges, such as confidentiality and ethics, are involved in the use of
patient data to develop algorithms; hence, there is a new need to develop security
policies. Another issue is the new requirement for clinicians to be trained to interpret and
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understand the rationale of these algorithms’ basis while using them to revolutionize HF
management. These issues may currently delay the deployment of Al in healthcare.
Further work on interpretability is needed before it can be incorporated into medicine
successfully. Possible avenues to explore include the use of ECG data to predict the
possibility of HF and cardiac imaging analysis via deep learning for a confirmed diagnosis
of HF, which could aid clinicians and improve early detection rates of HF. However,
implementation strategies remain in the early stages of development, as more
background knowledge needs to be available to increase clinicians’ confidence in using
Al to aid in the diagnosis and management of HF patients. As this remains uncertain,
more research is needed in the future on the added value that Al provides to clinicians
in their work. We also need to establish a structured implementation process in the future
for healthcare institutions to help move forward.

DECLARATIONS

Ethics approval and consent to participate
Not applicable

Consent for publication
Not applicable

Availability of data and material
Not applicable

Funding
Not applicable

Authors’ contributions

Conceptualisation, Writing of Initial and Final Draft, Initial Review: A.I-A
Writing, Editing, Data Collation: All authors
Final review, Validation and Supervision: PA

COMPETING INTERESTS

We declare NO competing interests

ACKNOWLEDGEMENT

The authors would like to acknowledge THE LIND LEAGUE, Nigeria for providing the
invaluable resources to kick start, culminate and leverage this research project while also
enabling our capacities.

REFERENCES

[1] James SL, Abate D, Abate KH, Abay SM, Abbafati C, Abbasi N, et al. Global, regional, and national
incidence, prevalence, and years lived with disability for 354 diseases and injuries for 195 countries
and territories, 1990—2017: a systematic analysis for the Global Burden of Disease Study 2017. Lancet
[Internet]. 2018;392(10159):1789—858. doi: 10.1016/50140-6736(18)32279-7.

[2] Heidenreich PA, Albert NM, Allen LA, Bluemke DA, Butler J, Fonarow GC, et al. Forecasting the impact
of heart failure in the United States. Circulation Heart Failure [Internet]. 2013;6(3):606—19. doi:
10.1161/hhf.0bo13€318291329a.

[3] MatsueY, Damman K, Voors AA, Kagiyama N, Yamaguchi T, Kuroda S, et al. Time-to-Furosemide
treatment and mortality in patients hospitalized with acute heart failure. Journal of the American College
of Cardiology [Internet]. 2017;69(25):3042—51. doi: 10.1016/].jacC.2017.04.042.


https:/dx.doi.org/10.1016/s0140-6736(18)32279-7
https:/dx.doi.org/10.1161/hhf.0b013e318291329a
https:/dx.doi.org/10.1016/j.jacc.2017.04.042

[10]

[11]

[12]

[13]

[14]

[15]

(16]

[17]

(18]

[20]

[21]

[22]

Page 13 of 16
Idris-Agbabiaka et al., GCSP 2025:6

Maisel AS, Peacock WF, McMullin N, Jessie R, Fonarow GC, Wynne J, et al. Timing of immunoreactive
B-Type natriuretic peptide levels and treatment delay in acute decompensated heart failure. Jjournal of
the American College of Cardiology [Internet]. 2008;52(7):534—40. doi: 10.1016/].jacc.2008.05.010.
McDonagh TA, Metra M, Adamo M, Gardner RS, Baumbach A, Bohm M, et al. Focused Update of the
2021 ESC Guidelines for the diagnosis and treatment of acute and chronic heart failure. European Heart
Journal [Internet]. 2023;44(37):3627—39. doi: 10.1093/eurheartj/ehad19s.

Martindale JL, Wakai A, Collins SP, Levy PD, Diercks D, Hiestand BC, et al. Diagnosing acute heart failure
in the emergency department: A systematic review and meta-analysis. Academic Emergency Medicine
[Internet]. 2016;23(3):223—42. doi: 10.1111/acem.12878.

Diez-Villanueva P, Jiménez-Méndez C, Alfonso F. Heart failure in the elderly [Internet]. doi:
10.11909/].issn.1671-5411.2021.03.009.

Artificial intelligence (Al) | definition, examples, types, applications, companies, & facts [internet].
Encyclopedia Britannica. 2024; Available from: https://www.britannica.com/technology/artificial-
intelligence/Alan-Turing-and-the-beginning-of-Al.

Rodriguez-Ruiz A, Lang K, Gubern-Merida A, Broeders M, Gennaro G, Clauser P, et al. Stand-Alone
Artificial intelligence for breast cancer detection in mammography: Comparison with 101 radiologists.
Journal of the National Cancer Institute [Internet]. 2019;111(9):916—22. doi: 10.1093/jnci/djy222.

Yang Y, Yuan Y, Zhang G, Wang H, Chen YC, Liu V, et al. Artificial intelligence-enabled detection and
assessment of Parkinson’s disease using nocturnal breathing signals. Nature Medicine [Internet].
2022;28(10):2207-15. doi: 10.1038/541591-022-01932-X.

Li S, Marcus P, Ndfiez J, Naiiez E, Sanchis ], Levy WC. Validity of the Seattle Heart Failure Model after
heart failure hospitalization. ESC Heart fail. 2019;6(3):509-515. doi: 10.1002/ehf2.12427.

Rich JD, Burns J, Freed BH, Maurer MS, Burkhoff D, Shah SJ. Meta-Analysis Global Group in Chronic
(MAGGIC) Heart Failure Risk Score: Validation of a simple tool for the prediction of morbidity and
mortality in heart failure with preserved ejection fraction. Journal of the American Heart Association
Cardiovascular and Cerebrovascular Disease [Internet]. 2018;7(20): doi: 10.1161/jaha.118.009594.
Khanam SS, Choi E, Son JW, et al. Validation of the MAGGIC (Meta-Analysis Global Group in Chronic
Heart Failure) heart failure risk score and the effect of adding natriuretic peptide for predicting mortality
after discharge in hospitalized patients with heart failure. PLoS One. 2018;13(11):e0206380 doi:
10.1371/journal.pone.0206380. Published 2018 Nov 28.

Kavsur R, Hupp-Herschel HE, Sugiura A, et al. Prognostic significance of the get with the guidelines-
heart failure (GWTG-HF) risk score in patients undergoing trans-catheter tricuspid valve repair (TTVR).
Heart Vessels. 2021;36(12):1903-1910. doi: 10.1007/500380-021-01874-3.

The Acute Decompensated Heart Failure National Registry (ADHERE): Opportunities to improve care of
patients hospitalized with acute decompensated heart failure [Internet]. PubMed.. 2003; Available from:
https://pubmed.nchi.nlm.nih.gov/14668697/.

Yancy CW, Jessup M, Bozkurt B, Butler J, Casey DE, Colvin MM, et al. 2017 ACC/AHA/HFSA focused
update of the 2013 ACCF/AHA guideline for the management of heart failure: A report of the

American College of Cardiology/American Heart Association task force on clinical practice

guidelines and the heart failure society of America. Circulation [Internet]. 2017;136(6): doi:
10.1161/€ir.0000000000000509.

Chen R, Stewart WF, Sun J, Ng K, Yan X. Recurrent neural networks for early detection of heart failure
from longitudinal electronic health record data. Circulation Cardiovascular Quality and Outcomes
[Internet]. 2019;12(10): doi: 10.1161/circoutcomes.118.005114.

Narang A, Bae R, Hong H, Thomas Y, Surette S, Cadieu C, et al. Utility of a Deep-Learning algorithm

to guide novices to acquire echocardiograms for limited diagnostic use. JAMA Cardiology [Internet].
2021;6(6):624. doi: 10.1001/jamacardio.2021.0185.

Liang L, Kong F, Martin C, Pham T, Wang Q, Duncan J, et al. Machine learning—based 3-D geometry
reconstruction and modeling of aortic valve deformation using 3-D computed tomography images.
International Journal for Numerical Methods in Biomedical Engineering [Internet]. 2016;33(5): doi:
10.1002/cNm.2827.

Itu L, Rapaka S, Passerini T, Georgescu B, Schwemmer C, Schoebinger M, et al. A machine-learning
approach for computation of fractional flow reserve from coronary computed tomography. Journal of
Applied Physiology [Internet]. 2016;121(1):42-52. doi: 10.1152/japplphysiol.00752.2015.

Ruijsink B, Puyol-Ant6n E, Oksuz I, Sinclair M, Bai W, Schnabel JA, et al. Fully Automated, Quality-
Controlled Cardiac Analysis from CMR. JACC Cardiovascular Imaging [Internet]. 2020;13(3):684—95. doi:
10.1016/].jcmg.2019.05.030.

Jiang B, Guo N, Ge Y, Zhang L, Oudkerk M, Xie X. Development and application of artificial intel-
ligence in cardiac imaging. British Journal of Radiology/British Journal of Radiology [Internet].
2020;93(1113):20190812 doi: 10.1259/bjr.20190812.

Jim JR, Talukder MAR, Malakar P, Kabir MM, Nur K, Mridha MF. Recent advancements and challenges
of NLP-based sentiment analysis: A state-of-the-art review. Natural Language Processing Journal
[Internet]. 2024;100059. doi: 10.1016/].nlp.2024.100059.

Khan SU, Khan MZ, Alkhouli M. Trends of clinical outcomes and health care resource use in heart failure
in the United States. Journal of the American Heart Association Cardiovascular and Cerebrovascular
Disease [Internet]. 2020;9(14): doi: 10.1161/jaha.120.016782.

Angermann CE, Assmus B, Anker SD, Asselbergs FW, Brachmann J, Brett M, et al. Pulmonary artery
pressure-guided therapy in ambulatory patients with symptomatic heart failure: the CardioMEMS


https:/dx.doi.org/10.1016/j.jacc.2008.05.010
https:/dx.doi.org/10.1093/eurheartj/ehad195
https:/dx.doi.org/10.1111/acem.12878
https:/dx.doi.org/10.11909/j.issn.1671-5411.2021.03.009
https://www.britannica.com/technology/artificial-intelligence/Alan-Turing-and-the-beginning-of-AI
https://www.britannica.com/technology/artificial-intelligence/Alan-Turing-and-the-beginning-of-AI
https:/dx.doi.org/10.1093/jnci/djy222
https:/dx.doi.org/10.1038/s41591-022-01932-x
https:/dx.doi.org/10.1002/ehf2.12427
https:/dx.doi.org/10.1161/jaha.118.009594
https:/dx.doi.org/10.1371/journal.pone.0206380
https:/dx.doi.org/10.1007/s00380-021-01874-3
https://pubmed.ncbi.nlm.nih.gov/14668697/
https:/dx.doi.org/10.1161/cir.0000000000000509
https:/dx.doi.org/10.1161/circoutcomes.118.005114
https:/dx.doi.org/10.1001/jamacardio.2021.0185
https:/dx.doi.org/10.1002/cnm.2827
https:/dx.doi.org/10.1152/japplphysiol.00752.2015
https:/dx.doi.org/10.1016/j.jcmg.2019.05.030
https:/dx.doi.org/10.1259/bjr.20190812
https:/dx.doi.org/10.1016/j.nlp.2024.100059
https:/dx.doi.org/10.1161/jaha.120.016782

[27]

[28]

[35]

(36]

(37]

(38]

(39]

(40]

(43]

[44]

Page 14 of 16
Idris-Agbabiaka et al., GCSP 2025:6

European Monitoring Study for Heart Failure (MEMS-HF). European Journal of Heart Failure [Internet].
2020;22(10):1891-901. doi: 10.1002/ejhf.1943.

Dontje ML, VanDer Wal MHL, Stolk RP, Briigemann J, Jaarsma T, Wijtvliet PEP}, et al. Daily physical
activity in stable heart failure patients. Journal of Cardiovascular Nursing/the Journal of Cardiovascular
Nursing [Internet]. 2014;29(3):218—26. doi: 10.1097/jcn.obo13e318283ba14.

Redfield MM, Anstrom K], Levine JA, Koepp GA, Borlaug BA, Chen HH, et al. Isosorbide Mononitrate

in Heart Failure with Preserved Ejection Fraction. New England journal of Medicine/the New England
Journal of Medicine [Internet]. 2015;373(24):2314—24. doi: 10.1056/nejmoa1510774.

Hindricks G, Taborsky M, Glikson M, Heinrich U, Schumacher B, Katz A, et al. Implant-based
multiparameter telemonitoring of patients with heart failure (IN-TIME): a randomized controlled trial.
Lancet [internet]. 2014;384(9943):583—90. doi: 10.1016/50140-6736(14)61176-4.

Ponikowski P, Voors AA, Anker SD, Bueno H, Cleland JGF, Coats AJS, et al. ESC guidelines for the
diagnosis and treatment of acute and chronic heart failure. Rossijskij Kardiologiceskij Zurnal [Internet].
2016;7-81. doi: 10.15829/1560-4071-2017-1-7-81.

Inan OT, Pouyan MB, Javaid AQ, Dowling S, Etemadi M, Dorier A, et al. Novel wearable
seismocardiography and machine learning algorithms can assess clinical status of heart failure
patients. Circulation Heart Failure [Internet]. 2018;11(1): doi: 10.1161/circheartfailure.117.004313.
Conraads VM, Tavazzi L, Santini M, Oliva F, Gerritse B, Yu CM, et al. Sensitivity and positive predictive
value of implantable intrathoracic impedance monitoring as a predictor of heart failure hospitalizations:
the SENSE-HF trial. European Heart Journal [Internet]. 2011;32(18):2266—73. doi: 10.1093/eur-
heartj/ehroso.

Averbuch T, Sullivan K, Sauer A, Mamas MA, Voors AA, Gale CP, et al. Applications of artificial
intelligence and machine learning in heart failure. European Heart Journal - Digital Health [Internet].
2022;3(2):311—-22. doi: 10.1093/ehjdh/ztaco2s.

Yoon M, Park JJ, Hur T, Hua CH, Hussain M, Lee S, et al. Application and potential of artificial intelligence
in heart Failure: past, present, and future. International Journal of Heart Failure [Internet]. 2024;6(1):11.
doi: 10.36628/ijhf.2023.0050.

Btaziak M, Urban S, Wietrzyk W, Jura M, Iwanek G, Staficzykiewicz B, et al. An Artificial Intelligence
Approach to Guiding the Management of Heart Failure Patients Using Predictive Models: A

Systematic Review. Biomedicines [Internet]. 2022;10:2188 Available from: https://www.mdpi.com/2227-
9059/10/9/2188/htm.

Chen Z, Salazar E, Marple K, Das SR, Amin A, Cheeran D, et al. An Al-Based Heart Failure Treatment
Adviser system. |EEE Journal of Translational Engineering in Health and Medicine [Internet]. 2018;6:1—10.
doi: 10.1109/jtehm.2018.2883069.

Ahmad T, Lund LH, Rao P, Ghosh R, Warier P, Vaccaro B, et al. Machine Learning Methods Improve
Prognostication, Identify Clinically Distinct Phenotypes, and Detect Heterogeneity in Response

to Therapy in a Large Cohort of Heart Failure Patients. | Am Heart Assoc [Internet]. 2018;7(8): doi:
10.1161/JAHA.117.008081.

Cikes M, Sanchez-Martinez S, Claggett B, Duchateau N, Piella G, Butakoff C, et al. Machine learning-
based phenogrouping in heart failure to identify responders to cardiac resynchronization therapy. Eur /
Heart Fail [Internet]. 2019;21(1):74—85 Available from: https://pubmed.ncbi.nlm.nih.gov/30328654/.
DengY, Cheng S, Huang H, Liu X, YuY, Gu M, et al. Machine Learning-Based Phenomapping in Patients
with Heart Failure and Secondary Prevention Implantable Cardioverter-Defibrillator Implantation: A
Proof-of-Concept Study. Rev Cardiovasc Med [Internet]. 2023;24(2):37. doi: 10.31083/j.rcm2402037/htm.
Jing L, Ulloa Cerna AE, Good CW, Sauers NM, Schneider G, Hartzel DN, et al. A Machine Learning
Approach to Management of Heart Failure Populations. Heart Fail [Internet]. 2020;8(7):578—87. doi:
10.1016/].jchf.2020.01.012.

Silva-Cardoso J, Juanatey JRG, Comin-Colet J, Sousa JM, Cavalheiro A, Moreira E. The future of
telemedicine in the management of heart failure patients. Cardiac Failure Review [Internet]. 2021;7. doi:
10.15420/cfr.2020.32.

Barrett M, Boyne J, Brandts J, Brunner-La Rocca HP, DeMaesschalck L, DeWit K, et al. Artificial
intelligence supported patient self-care in chronic heart failure: a paradigm shift from reactive to
predictive, preventive and personalized care. EPMA J [Internet]. 2019;10(4):445—64 Available from:
https://pubmed.nchi.nlm.nih.gov/31832118/.

Shah SJ, Katz DH, Selvaraj S, Burke MA, Yancy CW, Gheorghiade M, et al. Phenomapping for novel
classification of heart failure with preserved ejection fraction. Circulation [Internet]. 2015;131(3):269-79
Available from: https://pubmed.ncbi.nlm.nih.gov/25398313/.

Gevaert AB, Tibebu S, Mamas MA, Ravindra NG, Lee SF, Ahmad T, et al. Clinical phenogroups are more
effective than left ventricular ejection fraction categories in stratifying heart failure outcomes. £SC Heart
Fail [Internet]. 2021;8(4):2741—54 Available from: https://pubmed.ncbi.nlm.nih.gov/33934542/.

Bose E, Radhakrishnan K. Using Unsupervised Machine Learning to Identify Subgroups Among Home
Health Patients with Heart Failure Using Telehealth. Comput Inform Nurs [Internet]. 2018;36(5):242-8
Available from: https://pubmed.ncbi.nlm.nih.gov/29494361/.

Golas SB, Shibahara T, Agboola S, Otaki H, Sato J, Nakae T, et al. A machine learning model to

predict the risk of 30-day readmissions in patients with heart failure: a retrospective analysis of
electronic medical records data. BMC Med Inform Decis Mak [Internet]. 2018;18(1): Available from:
https://pubmed.nchi.nlm.nih.gov/29929496/.


https:/dx.doi.org/10.1002/ejhf.1943
https:/dx.doi.org/10.1097/jcn.0b013e318283ba14
https:/dx.doi.org/10.1056/nejmoa1510774
https:/dx.doi.org/10.1016/s0140-6736(14)61176-4
https:/dx.doi.org/10.15829/1560-4071-2017-1-7-81
https:/dx.doi.org/10.1161/circheartfailure.117.004313
https:/dx.doi.org/10.1093/eurheartj/ehr050
https:/dx.doi.org/10.1093/eurheartj/ehr050
https:/dx.doi.org/10.1093/ehjdh/ztac025
https:/dx.doi.org/10.36628/ijhf.2023.0050
https://www.mdpi.com/2227-9059/10/9/2188/htm
https://www.mdpi.com/2227-9059/10/9/2188/htm
https:/dx.doi.org/10.1109/jtehm.2018.2883069
https:/dx.doi.org/10.1161/JAHA.117.008081
https://pubmed.ncbi.nlm.nih.gov/30328654/
https:/dx.doi.org/10.31083/j.rcm2402037/htm
https:/dx.doi.org/10.1016/j.jchf.2020.01.012
https:/dx.doi.org/10.15420/cfr.2020.32
https://pubmed.ncbi.nlm.nih.gov/31832118/
https://pubmed.ncbi.nlm.nih.gov/25398313/
https://pubmed.ncbi.nlm.nih.gov/33934542/
https://pubmed.ncbi.nlm.nih.gov/29494361/
https://pubmed.ncbi.nlm.nih.gov/29929496/

Page 15 of 16
Idris-Agbabiaka et al., GCSP 2025:6

Kwon JM, Kim KH, Jeon KH, Lee SE, Lee HY, Cho HJ, et al. Artificial intelligence algorithm for predicting
mortality of patients with acute heart failure. PLoS One [Internet]. 2019;14(7): Available from:
https://pubmed.nchi.nlm.nih.gov/31283783/.

British Heart Foundation .. Rushed to hospital: when heart failure isn’t diagnosed early enough
[Internet]. British Heart Foundation Available from: https://www.bhf.org.uk/for-professionals/healthcare-
professionals/blog/2019/rushed-to-hospital-when-heart-failure-isnt-diagnosed-early-enough.

Chiarito M, Luceri L, Oliva A, Stefanini G, Condorelli G. Artificial Intelligence and Cardiovascular Risk Pre-
diction: All That Glitters is not Gold. European Cardiology [Internet]. 2022;17. doi: 10.15420/ecr.2022.11.
Bazoukis G, Stavrakis S, Zhou J, Bollepalli SC, Tse G, Zhang Q, et al. Machine learning versus
conventional clinical methods in guiding management of heart failure patients—a systematic review.
Heart Failure Reviews [Internet].. 2020;1—12 Available from:
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7384870/.

Olsen CR, Mentz R), Anstrom K], Page D, Patel PA. Clinical applications of machine learning in the diag-
nosis, classification, and prediction of heart failure. American Heart Journal [Internet]. 2020;229:1—17
Available from: https://www.sciencedirect.com/science/article/pii/S0002870320302155.

Haick H, Tang N. Artificial intelligence in medical sensors for clinical decisions. ACS Nano [Internet].
2021;15(3):3557—67. doi: 10.1021/acsnano.1co008s.

Bachtiger P, Plymen CM, Pabari PA, Howard JP, Whinnett ZI, Opoku F, et al. Artificial intelligence, data
sensors and interconnectivity: future opportunities for heart failure. Cardiac Failure Review [Internet].
2020;6. doi: 10.15420/cfr.2019.14.

Hannun AY, Rajpurkar P, Haghpanahi M, Tison GH, Bourn C, Turakhia MP, et al. Cardiologist-level
arrhythmia detection and classification in ambulatory electrocardiograms using a deep neural network.
Nature Medicine [Internet]. 2019;25(1):65—9 Available from: https://www.nature.com/articles/s41591-
018-0268-3.

Celik A, Surmeli AO, Demir M, Esen K, Camsari A. The diagnostic value of chest X-ray scanning

by the help of Artificial Intelligence in Heart Failure (ART-IN-HF). Clinical Cardiology [Internet].
2023;46(12):1562-8. doi: 10.1002/clc.24105.

Cingolani M, Scendoni R, Fedeli P, Cembrani F. Artificial intelligence and digital medicine for integrated
home care services in ltaly: Opportunities and limits. Frontiers in Public Health [Internet]. 2023;10. doi:
10.3389/fpubh.2022.1095001.

D’Amario D, Canonico F, Rodolico D, Borovac JA, Vergallo R, Montone RA, et al. Telemedicine, Artificial
intelligence and Humanization of Clinical pathways in heart failure management: Back to the future and
beyond. Cardiac Failure Review [Internet]. 2020;6. doi: 10.15420/cfr.2019.17.

Zhou J, Du M, Chang S, Chen Z. Artificial intelligence in echocardiography: detection, functional evalua-
tion, and disease diagnosis. Cardiovascular Ultrasound [Internet]. 2021;19(1): doi: 10.1186/512947-021-
00261-2.

Dhingra L, Aminorroaya A, Oikonomou E, Sangha V, Khunte A, Khera R. A wearable-adapted artificial
intelligence algorithm for heart failure prediction from single-lead electrocardiograms in a large
nationwide cohort study. journal of the American College of Cardiology [Internet]. 2024;83(13):2341.
doi: 10.1016/50735-1097(24)04331-6.

Gingele AJ, Amin H, DeWit K, Jacobsen M, Hageman A, VanDer Mierden K, et al. Developing an Al-based
decision engine for disease-modifying therapy in heart failure —A pilot study. European Heart Journal
Digital Health [Internet].. 2023; doi: 10.1093/ehjdh/ztado7s.

Sun X, Yin VY, Yang Q, et al. Artificial intelligence in cardiovascular diseases: diagnostic and therapeutic
perspectives. Eur | Med Res. 2023;28:242. doi: 10.1186/540001-023-01065-y.

Malik EF, Khaw KW, Chew X. New hybrid data preprocessing technique for highly imbalanced dataset.
Computing and Informatics [Internet]. 2022;41(4):981—1001. doi: 10.31577/cai_2022_¢4_981.

Choi DJ, Park JJ, Ali T, Lee S. Artificial intelligence for the diagnosis of heart failure. npj Digital Medicine
[Internet]. 2020;3(1):1—6 Available from: https://www.nature.com/articles/s41746-020-0261-3.

Ski CF, Thompson DR, Rocca HB. Putting Al at the center of heart failure care. ESC Heart Failure
[Internet]. 2020;7(5):3257-8. doi: 10.1002/ehf2.12813.

Devi K], Alghamdi W, D N, Alkhayyat A, Sayyora A, Sathish T. Artificial intelligence in Healthcare:
diagnosis, treatment, and prediction. £3S Web of Conferences [Internet]. 2023;399:04043. doi:
10.1051/€35c0Nf/202339904043.

Murdoch B. Privacy and artificial intelligence: challenges for protecting health information in a new era.
BMC Medical Ethics [Internet]. 2021;22(1): doi: 10.1186/512910-021-00687-3.

Gala D, Behl H, Shah M, Makaryus AN. The role of artificial intelligence in improving patient outcomes
and future of healthcare delivery in cardiology: A narrative review of the literature. Healthcare [Internet].
2024;12(4):481 Available from: https://www.mdpi.com/2227-9032/12/4/481.

H S. Manual of heart failure management. Jaypee Brothers Medical Publishers; 2021.

Sax DR, Mark DG, Huang J, Sofrygin O, Rana ]S, Collins SP, et al. Use of machine learning to develop a
Risk-Stratification tool for emergency department patients with acute heart failure. Annals of Emergency
Medicine [Internet]. 2021;77(2):237—48. doi: 10.1016/j.annemergmed.2020.09.436.

Adeyi OV, ChenY, Ding X. Non-invasive heart failure evaluation using machine learning algorithms.
Sensors [Internet]. 2024;24(7):2248. doi: 10.3390/524072248.

Piccirillo G, Moscucci F, Mezzadri M, Caltabiano C, Cisaria G, Vizza G, et al. Artificial intelligence applied
to Electrical and Non-Invasive hemodynamic markers in elderly decompensated chronic heart failure
patients. Biomedicines [Internet]. 2024;12(4):716. doi: 10.3390/biomedicines12040716.


https://pubmed.ncbi.nlm.nih.gov/31283783/
https://www.bhf.org.uk/for-professionals/healthcare-professionals/blog/2019/rushed-to-hospital-when-heart-failure-isnt-diagnosed-early-enough
https://www.bhf.org.uk/for-professionals/healthcare-professionals/blog/2019/rushed-to-hospital-when-heart-failure-isnt-diagnosed-early-enough
https:/dx.doi.org/10.15420/ecr.2022.11
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7384870/
https://www.sciencedirect.com/science/article/pii/S0002870320302155
https:/dx.doi.org/10.1021/acsnano.1c00085
https:/dx.doi.org/10.15420/cfr.2019.14
https://www.nature.com/articles/s41591-018-0268-3
https://www.nature.com/articles/s41591-018-0268-3
https:/dx.doi.org/10.1002/clc.24105
https:/dx.doi.org/10.3389/fpubh.2022.1095001
https:/dx.doi.org/10.15420/cfr.2019.17
https:/dx.doi.org/10.1186/s12947-021-00261-2
https:/dx.doi.org/10.1186/s12947-021-00261-2
https:/dx.doi.org/10.1016/s0735-1097(24)04331-6
https:/dx.doi.org/10.1093/ehjdh/ztad075
https:/dx.doi.org/10.1186/s40001-023-01065-y
https:/dx.doi.org/10.31577/cai_2022_4_981
https://www.nature.com/articles/s41746-020-0261-3
https:/dx.doi.org/10.1002/ehf2.12813
https:/dx.doi.org/10.1051/e3sconf/202339904043
https:/dx.doi.org/10.1186/s12910-021-00687-3
https://www.mdpi.com/2227-9032/12/4/481
https:/dx.doi.org/10.1016/j.annemergmed.2020.09.436
https:/dx.doi.org/10.3390/s24072248
https:/dx.doi.org/10.3390/biomedicines12040716

Page 16 of 16
Idris-Agbabiaka et al., GCSP 2025:6

[71] Khunte A, Sangha V, Oikonomou E, Dhingra LS, Aminorroaya A, Mortazavi BJ, et al. Detection of left
ventricular systolic dysfunction from single-lead electrocardiography adapted for portable and wearable
devices. Npj Digital Medicine [Internet]. 2023;6(1): doi: 10.1038/541746-023-00869-W.

[72] Wolff ], Pauling J, Keck A, Baumbach J. The economic impact of artificial intelligence in health care:
Systematic review. / Med Internet Res. 2020;22(2):€16866. doi: 10.2196/16866. Published 2020 Feb

20.


https:/dx.doi.org/10.1038/s41746-023-00869-w
https:/dx.doi.org/10.2196/16866

