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Abstract 

Artificial intelligence (AI) is transforming the diagnostic paradigm of chronic 

heart failure (HF) by improving early detection, standardizing imaging 

interpretation, and unraveling patient heterogeneity. Machine learning and deep 

learning models automate chamber segmentation and ejection fraction calculation in 

echocardiography, reducing manual burden and inter-observer variability. In 

electrocardiography (ECG), deep neural networks identify subclinical signatures of 

structural heart disease, acting as digital biomarkers capable of predicting HF risk 

years in advance. Furthermore, unsupervised learning techniques like 

phenomapping successfully categorize complex clinical syndromes, such as heart 

failure with preserved ejection fraction (HFpEF), into distinct, targeted subgroups. 

Integrated into Electronic Health Records via Clinical Decision Support Systems 

(AI-CDSS), AI synthesizes multidimensional medical data to provide real-time, 

personalized diagnostic insights, shifting heart failure management from reactive 

treatment to proactive, preventive care. 
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The landscape of modern cardiology is undergoing a profound paradigm shift 

driven by the integration of artificial intelligence (AI), machine learning (ML), and 

deep learning architectures into clinical workflows. Chronic heart failure (HF) 

represents a major global health burden, characterized by high morbidity, frequent 

hospitalizations, and substantial economic strain on healthcare systems. Historically, 

the clinical approach to heart failure has been largely reactive, relying on the 

manifestation of overt clinical symptoms such as dyspnea, fatigue, and peripheral 

edema, which often appear only after significant and sometimes irreversible 

myocardial damage has occurred. Furthermore, the heterogeneous nature of heart 

failure—encompassing distinct phenotypes like heart failure with reduced ejection 

fraction ($HREF$) and the notoriously elusive heart failure with preserved ejection 

fraction ($HFpEF$)—makes early and accurate diagnosis exceptionally challenging 

for clinicians. Traditional diagnostic pathways rely heavily on manual interpretation 

of imaging modalities, standard electrocardiograms, and single-variable biomarker 

thresholds, introducing geographic variability, manual labor constraints, and the 

potential for human error. To overcome these limitations, contemporary medicine is 

increasingly leveraging AI to rapidly analyze multidimensional patient data, 

enabling a fundamental transition from traditional, reactive treatments to highly 

personalized, proactive, and preventive cardiovascular care. 

The most immediate and structurally impactful contribution of artificial 

intelligence within the heart failure diagnostic pipeline lies in the automation and 

refinement of diagnostic imaging interpretation. Standard cardiac imaging 

techniques, most notably transthoracic echocardiography, cardiac magnetic 

resonance ($CMR$) imaging, and computed tomography ($CT$) scans, generate 

massive volumes of complex visual data that require meticulous, time-consuming 

evaluation. Machine learning algorithms, particularly convolutional neural networks 

($CNNs$), are uniquely suited to revolutionize this space by automating the 

segmentation of cardiac chambers, tracking endocardial borders throughout the 

cardiac cycle, and instantly calculating vital metrics such as left ventricular ejection 
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fraction ($LVEF$), stroke volume, and myocardial strain. By automating these 

repetitive tasks, AI not only slashes the manual labor burden on imaging laboratories 

but also introduces an unprecedented level of standardization, eliminating inter-

observer and intra-observer variability and elevating the diagnostic accuracy of less 

experienced clinicians to expert levels. Beyond standard echocardiographic 

segmentation, AI algorithms excel at detecting subtle regional wall motion 

abnormalities or intricate changes in valvular geometry that might escape the naked 

eye during standard screening. Furthermore, the application of AI to advanced 

imaging modalities has unlocked predictive capabilities that look far into a patient's 

clinical future; for example, specialized AI-assisted $CT$ analysis can evaluate the 

attenuation patterns of pericardial fat pads, detecting subclinical, hidden 

inflammation in the adipose tissue surrounding the coronary arteries and 

myocardium to accurately forecast an individual’s risk of developing overt heart 

failure years before the onset of structural remodeling. 

In tandem with imaging advancements, AI has fundamentally redefined the 

clinical utility of the standard electrocardiogram ($ECG$), transforming a 

ubiquitous, low-cost tool into a powerful, predictive biometric engine. While human 

interpretation of an $ECG$ is limited to recognizing established structural patterns, 

ischemic changes, and explicit conduction blocks, deep neural network models can 

process raw digital $ECG$ waveforms to detect subclinical, hidden 

pathophysiological signatures that elude manual human observation. These deep 

learning networks act as a highly sensitive, non-invasive digital biomarker, 

analyzing subtle micro-fluctuations in electrical propagation to accurately flag 

underlying cardiac dysfunction. Clinical models trained on vast digital 

electrocardiographic repositories can reliably identify patients with asymptomatic 

left ventricular systolic dysfunction, effectively serving as an early warning system 

that triages high-risk individuals for advanced, definitive testing like 

echocardiography or $CMR$. Moreover, this predictive power extends significantly 

into the ambulatory domain, where AI models are applied to continuous, routine 
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Holter $ECG$ monitoring or wearable device data to analyze long-term heart rate 

variability and transient electrical instability, successfully predicting an individual's 

long-term heart rate failure risk up to five years in advance and allowing clinicians 

to initiate preventive therapeutic interventions during the earliest pre-symptomatic 

windows. 

Beyond streamlining established diagnostic tests, artificial intelligence 

possesses the unique capability to unravel the immense clinical complexity of heart 

failure through advanced data synthesis and molecular phenotyping. This is 

particularly vital in the context of Heart Failure with Preserved Ejection Fraction 

($HFpEF$), a condition that has historically frustrated cardiologists due to its highly 

heterogeneous presentation, overlapping comorbidities, and subtle, often normal-

appearing structural imaging. Unsupervised machine learning models, such as 

hierarchical clustering and k-means algorithms, circumvent the constraints of 

traditional, rigid diagnostic guidelines by processing massive, multidimensional 

datasets through repeated, unbiased iterations. This computational approach, widely 

termed phenomapping, aggregates divergent clinical variables—ranging from 

circulating biomarkers and genetic variants to electronic health record entries and 

physiological parameters—to group seemingly disparate patients into distinct, 

mathematically cohesive clinical subgroups. By uncovering these hidden, 

underlying phenotypes within the broader heart failure spectrum, phenomapping 

allows clinicians to move past the traditional "one-size-fits-all" diagnostic 

classification, ensuring that patients receive highly targeted, etiology-specific 

treatments tailored directly to the specific biological drivers of their sub-type. 

The ultimate clinical integration of these diverse AI capabilities is realized 

through Artificial Intelligence Clinical Decision Support Systems (AI-CDSS), 

which serve as intelligent co-pilots for multidisciplinary medical teams within 

modern health systems. An AI-CDSS functions by continuously digesting, 

structuring, and synthesizing both the highly structured data (such as laboratory 

values, vital signs, and medication lists) and the dense, unstructured text (including 
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physician progress notes, discharge summaries, and free-text pathology reports) 

contained within a patient's Electronic Health Record ($EHR$). By cross-

referencing this comprehensive medical history with circulating biomarkers, 

dynamic imaging reports, and real-time clinical guidelines, these advanced cognitive 

systems can automatically weigh diagnostic possibilities, flag missing diagnostic 

steps, and alert physicians to early signs of clinical decompensation. Ultimately, by 

providing real-time, highly tailored diagnostic insights at the point of care, AI-CDSS 

empowers physicians to make deeply informed, data-driven decisions, bridging the 

gap between complex computational data and timely, life-saving clinical 

interventions. 
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